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ABSTRACT

LEiBOLD, HERBERT ARTHUR. Simulation of Service . ad Dis-
tributions Utilizing Stationary, Non-Gaussian Random Time
ﬁiStories. (Uﬁder the direction of FRANKLIN DELANO HART).

The objecéive of the study is to determine the feasi-
bility of gener;ting a non-Gaussian, stationary, random
ioad time histo}& which can be used to simulate service
load histories during fatigue testing of structural parts.
| To achieve this objective, five random load time his-
_tories of arbitrary amplitude and each having a different,
mathematically aescribable, non-Gaussian, amplitude prob-
ability density function, were generated with the aid of a
. CDC 6000 serieé digital computer and FORTRAN IV programming.
éﬁﬁuléti#édééak diétributions were obtained from each of
the resulting random load time hiatories and compared with
~ cumulative peak sérvicb load distributions. Five random
load time histories are investigated in order to sssure
thet the best possible duplication of the cumulstive pesk
service load distribution is cbtained.

" Of primary importance in the investigation was the
match%ng of pred;pted, that is, digitally generéted and’
service load cumulative peak distributions. Of secondary
importance was tpe technique used for digitally generating’
the five different, non-Gaussian, random load time
histories.

Cumulative peak distributions of two of the generated
randam time histories approximated the cumulative peak



service distributions for aircraft.’ The remaining three
cunulative peak distributions approximated the cumulative
peak service distributions of ground transportation, that

is, car, truck, rall, overheéd tfavelling crane, etc.
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1. INTRODUCTION

Over the past several years the trend has been‘towards
. random load fatigue testing of alrcraft structural narts
rathsr than the constant amplitude and programmed cqnstant
amplitude fatigue testing which has been going on fop;years.
The advent of more sophisticated fatigue testing mac&ines
capable of applylng complex load-time histories whithmore
nearly simulate actual service experience has been thé ma jor
factor towards this trend. Within this framework of-%andcm’
load fatigue testing there has evolved two schoolsjéti
thought on simulating aircraft service experience.‘gfﬁe
first utilizes a quasi-stationary Gaussian random process to
simulate service experlience., This is accomplished-py’pro»
gremming, in a random fashlon, the root-mean-square level
of a Gausslan random process. The second utllizes 8
stationary non-Gaussian random process to simulats service
experience. It 1s the purpose‘of this theslis to shéw that
thls second approach 1s feasible. v::-

Toward thls end a random number generator was used to
generate random numbers having a uniform or coﬁstant ;hpli-
tude probability density function between the limite of X
zero and one. These numbers were then shaped such that the ‘
amplitude probabllity density of a discrete random_??mq‘
history composed of these random numbers had one o{ Eha
following dgnsity functions: Poisson, Binomlal, ﬁdg;§§rma1,
Weigull, anﬁ‘Exponential. These density functions wa;é



arbitrarily selectsd because they are widely discussed in
) the l;terature and are mathematically dfgcribable. The
‘vresulting random time histories ére analyzed to determine
'}heir peak statistics. It igngenerally believed that the

. peak statistic 1s the significant fatigue inducing parameter
t'of a random time history. It 1is also the statistic most
;.frequently obtained during service experience. Cumulative
 Tpeak distributions are computed and compared with cumulative
 ‘peak service distributions. Fbr aircraft the distribution
"is a straight 1line oé semi-log paper.

i' It 18 shown that.the random time histories having
~ Bxponential and Log-Normal amplitude probability density

" functions can be used to simulate the service load experi-

”"ence of aircraft. It 1s also shown that the other three

[,

_random time histories having Binomial, Poisson and Weibull
‘amplitude probabllity density functlons can be used to

»isimulate service load experience of ground transportation
;guch as cars, trucks, railroads, and overhead travelling ’

2«

cranes.



2. REVIEW OF LITERATURE

It has become increasingly more apparent-in recent
years eh;t more and more fatigue tests are belng conducted
using'ra%dcm loads. There appears to be several reasons
for th15itrend First, considerably more research has been
done in recent years in thls area as evidenced by the numser
of articles beling published These articles have undoubtedly
influenced the fatigue engineers philosophy or ‘outlook om
fatigue ﬁesting. Secondly, the fatigue engineer has come
to realize that service loadings are complex loadings and
that he 18 incapable of predicting fatigue 1life under their
influence. Hence he must resort to a much more accurate
simulation of the service loadings in order to determins
fatigue Iife. Finglly, he now has at his disposal testing
equipment which will permit him to apply any complex load
history he desires to test specimens and structures., The
above-mentioned items have brought us to the current state
of the~;;; in rendom load fatigue testing. Random process
theory upon which random load fatigue testing is based cam
be foqﬁéfin such texts as Bendat and Piersol (1966),
Crandglliend Mark (1963), Davenport and §oot (1958) and
Robson (lééh)

Swa@pon (1968) presents an excellent review of the
literature on random load fatigue testing. In this refer-

ence he a$arts with the testing to develop the well known

S-N curve and goes on to the block tests wherein constant
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amplitude cycles are stratified at various stress levels in
an arbitrary sequenge S0 as to approximate the relative
frequency of servicé loa&s fron the-service load spectrum.
In addition he discusses the actual random process and/or
an analogous ran@cm;process to the one encountered in
service which ma} té elther stationary, quasi-stationary or
non~-stationary aﬁd %esult in the same ioad frequency as
given by the serﬁiaé'load spectrum. Swanson also indicates
that there are basiaally two approaches to fatigue testing
under random loading- the "digital™ approach and the
analogue approach The digital approach will necessarily
result in a randhm grocess that is statlonary in nature
‘while the analogue approach may result in either a sta-
tionary or quasiéstationary process,

The author (1963).was involved in obtainihg statistics
for the conduct of gpth block andyiandcm type testa. Based
on these sﬁ'atist:f;cs-;; Leybold and Naumann (1963) conducted
tests to evaluata_tﬁb effects of both block and random type
tests on the fatigue life of aluminum alloys. Leybold (1963)
noted that the priméry statistic used to conduct fatigue
tests was the peak statistic. A mathematical method for
predicting the_peak-diatribution or peak statlistic has been
developed by Rice (%?5&) for a Gaussian, stationary random
process. Broch (1963 & 1968) discussed the work daveloped
by Rice and applies‘lt to the case of fatigue under random
loading.- Schijve (1963) tried to determine which statistic

of a random process was most significant with regard to
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fatigue. In most cases the random process investigated end
‘used for testing was-Gaussia?fand~stao£onary in nature. Two
primary reasons for using'%hfé'typo of a random process
were: (1) a Gaussian. station&ry random process 1s easily
generated with a ccmmercially availablo random noise gener-
ator and (2) the peak distrib&tion of a Gaussian, stationary
random process was easily comguted based on Rice's work.
However, the drawback to usid% this type ¢f a random process
is that service load data shﬁ% that they are rarely station-
ary in nature snd may or may, ;ot be Gaussian in nature.
Based on. this fact, Swanson. (1963 & 1965) has proposed the-
Gaussian non-stationary rando? process for fatigue testing.
Using this method of testing»ﬁhe rms of a stationary random
process 1is programmed to vary in a2 random rashion such that
the resulting peak distribupign will match that of service
load data. BService load dat;%ore usually presented in the
form of cumulofive peak disﬁi%butions, that is, cumulative
number of peaks exceeding{g;gfyen level. Service load
cunulative peak dlstributions for aircraft usually plot as
straight lines on semi- log pd@er. To cite just two of the
publications avallable with dircrart service load data we
have Coleman (1968) who presonts his data in terms of g's
(acceleration due to gravitg) and Bullen (1967) who pre-
sents his data in terms of gust velocities.

The quasi-atationary rnndom fatigue test proposed by
Swanson 1s one way of simulating the'service load peak

distribution. Another method also proposed by Swanson (1968)
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was to find a stationary non-Gaussian, random process, which
exhibits a cumulative peak distribution the:same as an alir-
craft service load cﬁﬁulativa peak distrfbﬁilon,»that is, a
straight line on semi-log paper. Thus twéiﬁifferenﬁ ways
have been proposed for simulating sérvicei@ﬁad time
histories: (1) the qﬁési—stationary methégéwhere the

random process 1s Gausslan in nature and the root-mean-
square levels are programmad in a random fashion and

(2) the stationary method, that i1s, constant root-mean-
square level, where the random process is non-Gausslan in

nature, This thesls desls with the latter method.



3. GENERATION AND ANALYSIS OF RANDOM TIME HISTORIES

3.1 Genersal i };i

In this chapter random numbers are generated an@
shaped so that the resulting discrete random time hi;ﬁéry
has a non-Gaussian amplitude probebllity density function.
"Actual and theoretical amplitude probability density Lunc-
tions are compared. In addition pesk and cumulativelgeak
distributions are calculated. The computations are b%dken
down into three parts as shown in the next three sectéons.
The computer programs for carrying out these computatigns
can be found in the Appendices, sections 8.1 and B.Z}Y.Mgre
will be said about these programs in Chapter L1 on computer
prograns.

Five different amplitude probability densityrftnbﬁionsv
were used in order to insure that the best possible égrae-
ment between the digitally generated dats and the sngiQe
load data would be attained.

It should be noted that the data presented are only a
small portion of the data generated with the aii-of,tgg;
computer. Parametric studies were made using all five®.
amplitude probability density functions. The resulting-
date were just too voluminous to 1nclude in this thesis.

Only those data which show trends or agreement with- sapvice

load data have been included,



3.2 Generation of Random Numbers

Random numoers‘bounded by the limits zero and one were
generated with & standard random number ‘generator having a
uniform - or constant amplitude probability density function.
The numbers were then shaped such that the resulting dis-
crete rdndcm time history would have some arbitrarily
selectede;mplitude probebility density function. The
following amplitude probablility density functions were
chosen because they are mathematically describable and
discussed thoroughly in the literature°_ Poisson, Binomial
_Log-Normgl, Weibull and Exponential. The procedure for
digitally generating the shaped random numbers was as
followa, Let F(x) be the amplitude probability density
functiquand CF(x) the cumulative smplitude probability
_ densitf'function. CF(x) 1is related to the amplitude
probabllity density funotion by the relation

dCF(x) = F(x)dx (3.1)
or by integrating

_ CF(x) =‘[1x F(a)da (3.2)

which 1éf§ounded by the limits zero and one when x takes
on the“wvalues of -» and +o, reopectively. Thus, random
numbers having 8 uniform probability density distribution
with limits between zero and one can'ba generated with a
random number generator and substituted for CF(x) in

-equation (3.2). This equation can then be evaluated .



fcr x. As many random numbers can be generated in this
_manner as are needed and they will necessarily have the
desired amplitude probebility density function. For this
work each randomtim; history consisted of 10000 randem
‘numbers. | “ .

The five randcm time histories generated in this
manner had the foiiowing amplitude probability density
functions: Poisson, Binomial, Log-Normal, Weibull and
Exponential. In the first of‘ these time histories, whose
amplitude probability density function is discrete, the
followin_g recurrence formula was used to compute the

cunulative probability density:
F(x + 1) = == F(x) (3.3)

The cumulative ’fre:qu';pcy, CF(x), was compared with a
digitally generated uniformly distributed rendom number Y
having a value between zero and cne.

The random varigble x was found by determining .
when Y fell between the limits CF(x) and . CP(x + 1),

that 1is,

%

. X :
. XY =3 PF(x) (3.4)
0

T

The second tim,c;;':.hiatqry wag generated in & similar

manner using the binomial recurrence formula: n

LA R N

Pax+ 1) = 21 E Brx) 0 Gs)
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The third time history or log-normal cne was.generated
by- solving equation (3.2) with a numerical approximation of
the integral (see section 8.2.’2___,};}. |
In the case of the last ti;;wo‘j.iziﬂ;e histories equa-
tion (3.2) could be integrateé.," di?ectly and resulted in
the following random variableéll x:‘-' For the Weibull prob-

ability density functlon:

F(x) = apx®~leip(-px?) (3.6)
and S

CF(x) =1 - exp(-px%) (3.7)

solving equation (3.7) for x ,we" get

o 1
x = {-% 1ogeE1 a-“i!?(x)]}a

For the Exponential probability dgxggsity funetion:

F(x) =@ oxpl-8x) (3.8)

-

and

CF(x) =1 - exp(-8x) (3.9)

solving equation (3.9) for x we get

-3

= 31 r
x=-3 loge-l_l-f- CF(xﬂ
It should be noted that the Exponential distribution is a
special cass of the Weibull .distribution when a =1, "
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The first 100 random numbers generated for each of the
five different smplitude probability density functions used
are shown in Figures 3.1-3.10. The mean, rQot-mean-square
~and standard deviation are shown for each timg history.
The mean indicates the average or expecte& ygiue of the
random variable, sey x. The mean is matﬁemé}ically

5
expressed as ;

E(x) =fﬁ° xF(x)dx (3.10)

o

The root-mean-square is a measure of the amplitude of a
time history and is the square root of the mean of the
squares of a random variable x. The mean aquare is..

mathematically éxpressed as

B(x2) = JW x2F(x)dx- - (3.11)

The standard deviation is a meagure’of the“diépersion from
the mean and is the square root of the véﬁiaﬁée of a random

variable x. The variance is defined math;mdtically as .

2 - E{[x - E(x)] 2} « " (3.12)

Crandall and Mark (1963) show that this can be reduced_fo

o = E(x2) - [E(x)]2 (3.13)

-
. .

A1l of the above mentioned proparties were calculated

. for each of the five ‘random time histories generated The

-
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results of these calculations are shown in Table 3.1. In
order to check these values with the theoretical ones, the
author scanned the literature to obtain the t!heoretical
equations for the mean, mean-square and variance of the
five dens:.ty functions used. To his dismay all were not
reedéll? ‘ayailable. Thus, the basic stetistical equaticns
an& density functions were used tc derive the desired
properties. These derivations are shown in Appendix 8.5
and the results are summarized in Table 3.2. The theo-
retical propertiee were calculated and showed good agree-

ment with the properties tabulated in Table _’3.1«.

. 3.3 Calculetion and Comparison of Computed
and Theoretical Histograms .

After each of the five rendom time histories xwere
“ digitally generated, the amplitude scale of each was
divided up into equal intervals and the random ;numbers
railing in each interval were counted for all 1%{_3,000 num-
_ bere of each time history. The resulting frequency of
oceurrenée of the random numbers were plotted as histograms
in Figures 3,11-3.22. In sddition the theoreti"ﬁal histo-
grams were also plotted and compared witk the- actual
histograma in these figures. It can be seen that good
agreement wae obteined. A ch:l-aquared test was performed
kto eompare the actual histogram wj.th the theoretical one.’
In all cases the calculated chi-square value- ﬁas well

below the theoretical chi-squared value at the 95 percent
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Figure-i3.17. Actusl and theoretical histograms for a

Binomial amplitude probabllity density:
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confidence level. This exercise was done in order to show .
that the digitally generated random time histories do
indeed have the desi?eg amplitude probability density
functions. o

As indicated in fhe title of this thesis all time
histories generated wé?e to be non—Géussian in nature.
However, certaln valuég for the various parameters in the
density functions used tend to make the distributions
approach a Gaussian distribution, It 1s well known that
some of these distributions can be approximated with a
normal or Gaussian distribution. This fact becomes obvious
when looking at Figures 3.11-3.22. The a and § param-
eters of the Welbull distribution were each varied in unit
increments from 2 to 5. Figure 3.11 where a =2, B = 2
shows a highly non-Gaussian shepe while Figure 3.12 with
a=5,B=5 showéna éhape approaching Gaussian. The 9
parameter of the Exponential distribution was varlied from
1/l+ through 2 by doﬁbling each 0 1in succession. This
distribution will alwaiz be highly’non-Gaussian as shown
in Figures 3.13 and 3.1li. The Poisson distribution tends
toward the Gaussian di;tribution even for small mean
velues y as illustrated in Figures 3.15 and 3.16. The
Binomial distributiénléends to be highly non-Gaussian for
small n (see Figure 3,17) and Gaussian for large n
(see Figure 3.18). In the.Log-Normal distribution, the

parameters were varied as follows:

and ¢
ul.og S log
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2

0, 1; dlog

ulog-= =2, 1, 0,5, 0.1, 0.05. A horizontal
translation of the diastribution occurred when ,ulog was
increased from zero to one. PFigures 3.19 and 3.20 show the

highly non-Gausslan shape of the distribution while
Flgures 3.21 and73.22 show th;,Gaussian shape when

piotted on semi-log coordinates.

3.4 Determination of Pecak and Cumulative Peak
Distributions for Both Maximum and
Minimum Peak Values

As with the histograms, the amplitude scale of the
time histories were divided up into equal intervals and the
peaks, both maximum and minimum, were counted ih each
interval. Maximum peaks and minimum peaks are defined es
shown in Figure 3.23. The maximum peak distributions are
plotted in Figures 3,2)4.-3.33 while the minimum p_eak dis-
tributions are shown in Figures 3.34-3.43. Since servic.
load data sre based on maximum peaks, we are primarily
interested in the maximum peak distributions of the gen-
erated time histories. However, it is also of Interest to
see whether or not the peaks, both maximum and minim:am,
are distributed symmetrically about the mean of a random
time histor{y. Thus the minim:m‘}aeak distributions are.
also plotted. One can check for symmetry by visualizing
a maitimmn peak distribution overlaid on a minimm peak
distribution. The two diatributiions will intersect at the
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histories presented in Figures 3.1-3.10, It can be seen

from the peak distributions which are not symmetrical about
the mean that there are a greater number cf maximum peaks at
the lower amplitudes and a correspondingly smaller number
of peaks at the higher amplitudes, This is exactly the
same condition thaﬁ is encountered in airecraft. There are
a relatively high number of gusts of low veloclty with a
corresponding decrease in the number of gusts at high
veloclity. Maximum pesks are measured as the number or
exceedances of a gliven amplitude level ahove the mean or ig
streas»é{ gn a1rgraft. Thus the peaks measured in service
are presented as a cumulative distribution. Thus in this
1nvestigation cumulatlve peak distributions were computed

for both maximum and minimum'peakéfand ara‘ﬁiesehted}in
Figures 3.41;-3,53 and Figures 3.54-3.63, respectively.
The maximum cumulatlve peak distributions are seen tovstart
rolling.éff at the mean value of the time history. Only
in the case of theﬁEiponential and Log-Normal density
fuaction do theae distributions fall off from the mean on
a stralght line. Thils fact 1s moat significant in that
this is the manner in which service data behaves. More

will be said about this point in chapter S.
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li. COMPUTER PROGRAMS

- .1 General

Theiprograms presented here were developed in order to
digitalii'generate stationary, non-Gaussian random time
histories which have mathematically describable amplitude
probabiiity density functions. The programs were written
in FORTRAN IV language and ran on a CDC 6QOQ gepies.digital
computer. Compile time for the programs wagngomethiﬁg léﬁs
than 10 &éconds with an execution or run time of approxi-

mately 30 seconds per each parameter variation,

u;z Program Listings and Typical Block Diagram
The maln programs are listed in Appendix 8.1 as
follows: o
8.1.1 Binomial Distribution
8.1;? Poisson Distribution
8.li§ Weibull Distribution
é.l.h Exponentlal Distribution
8.1.5 Log-Normal Distribution
Subroutines are listed in Appendix 8.2 as follows:
8.2.1.1 Random Number Generator RANF
8.2.1.2 Plotting Subroutines DDIPLT
8.2.2.1 Functlon XWEIB
8.2.2.2 Function XEXP
8.2.2.3 Punction XLOGNL

A typlcal block diagram for these computer programs is
shown in Appendix 8.3.
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4.3 Input Data

Required input data are defined in comment cards near

the beginning of each program listing (see section 8.1).

Li.lih Output Data
The output of the programs which have been discussed
in section 3 are summarized in plot form. Spécifically,
the outputs are time histories, histograms, peak distribu-
tions and cumulstive peak distributions. B h B
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5. COMPARISON OF CUMULATIVE PEAK DISTRIBUTIONS

WITH SERVICE LOAD DATA

S.1 Applicability

Thus far the discussion has'been centered arocund the
simulation of service load data for alrecraft. In most
cases this type of data is presehted for gust loads on
either a "g" (acceleration due to gravity) or valocxt"
basis. The data are usually plotted on semi IOg paper with
the cumulative number of exceedancea being plotted on the
log scale and the "g" or velocity level on the linear
scale, In first approximation this curve plots as a
gtraight line, This 1is 111ustrated in Figure 5.1 which has
been taken from Bullen (1967). It should be pointed out
that service load Jata are Based on maximum peak values.
If this typical gust load apectrum is ccmpared with the
digitally generated cumulative peak distributio“s, it can
be seen that the data presented,in(Figures 3.6, 3.47, 3.52 .
and 3.53 could very easily be used to approximate the
service load data by appropriaste scaling of the abscissa.
As an example, the digitally‘gen;rated‘data of Figure 3.52
has been replotted in Figure 5.2 along with the gust load
‘data of Wigure S.1. The abscissa of Figure 3,52 was scaled
to agree with the abscissa okoigure 5.1, It can be seen
that the digitally generated data agrees very well with the
service load data. In the case of the gust load data pre-
sented by Coleman (1968), where the cumulative frequency of
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exceeding an acceleration of a2 given level is given on a
per mile or per flight basls, all that 1s needed is an
estimate of the totel number cf miles or flights to be
flown in the sircraft lifet_ime. With this information
these curves bescome comparaible with other cumulative peak
distributions found in the literature.

With regard to the other cumulative peak distributions
which were digltally generated, th_el may be __qcmpa_:ed favor-
sbly with service load data for other than aircraft. |
Prothro (1968) and Jacoby (1967) present service load data
for ground trahsportation items such as cars, trucks, and
railroads and also for traveling ovefhead cranes.k V

Figure 5.3 shows typicsl loading spectra for motor
cars where the load time history was mea‘auﬁéd over varying.
distances from 1 km to 1250 km. The shorter the measuring
distance the more apt one is to encounter only one specific
road condition, that is, a comcrete highway, a tar surface,
a country road, etc. One surface coﬁ.xiiti-or-x ususlly nieéns
the load is distributed normally and hence the cumulative
distrlibution 1s rounded as shown by the two lower curves
in Figure 5.3; The longer the measuring distance is the
more one 1s apt to get a mixture of surface conditions in
the measured interval and hence the distribution changes
from a normal one to a straight line distribution as indi-
cated by the upper two curves in Figure 5.3. It should be
noted that the spiing displacwent at the intersection with
the ordinate is the mean spring displacement, ﬁthat is, the
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displacement due to the weight ¢f the car cn the springa.
It can be seen that these curves compare favorably with the
cumulative maximum peak distributions shown in Fleuras 31,.L4=
3.53.

Figure 5.l is a typical service load spectrum rer tke
front axle of a truck, this time In terms of bending mement,
Again, as was discussed in Figure 5.3, the distributien
starts at the meen or static load position. The dashed
curve represents what happens if éhe loads on %ﬁe Frent
axle of the truck are such that the springs "bottem eout,”
This phenomenon is not observed with the digitaelly gen-
erated distributions but the basic cumglntivo fréqueney
curve is similar to some of those shown in Figurea 3.LlLa
3.53. |

Figure_S.S shows a typical load spectrum for a rasil-
road,carmtravelling:dt 65 mph., The measured distance wase
173 miles. Although one might assume that the surface con-
dition of a track woild be constent, Prothro (1968) points
out that track is classified as smooth and rough. In faect
7 miles of the 173 measﬁred miles was classified as
smooth. Since we can classify track as to rough, smooth
or somewhere in between 1t is logical to assume that in
the 173 measured miles thers was a mixing of the various
track conditions, Using the same reasoning as for motor
cars we would expect a straight 1line distridbution. We do
indeed get a straight line distribution above the mean
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stress which 1s approximat;ely 0.78g. Ageain this curve com-
pares favorably with some of the digitally generated cumu-
lative distributions shown in Figures 3.L:h-3.53.

Finally, Figure 5.6 shows a typical service load
spectrum fof a travelling overhead crane girder. Those
different loadings are superimposed on this curve, all
starting out from the mean stress. The basic loading forms
“the ;..m* lier curved distribution indicating a somewhat
Gaussian distribution of loads. This should have been
anticipated since the travelling surface of the crane would
. not be expected to vary much in roughness snd the measured
distance is small. The vibrations indicated are of small
magnitude and relatively high rrequency while the overload
stresses ars of larger magnitude and account for relatively
few loadings. As with the other specimens discussed the
shape of the basic losding curve is similsr to scme of
the;§ éhéwn in Pigures 3.44-3.53.

At this \ptlaint it is clearly obvious that service load
data from many sources, aircraft, car, truck, rallroad and
crane can be almulated using digitally generated non-
Gauasian stationary random time histories. Once the basic
ahapo of the cumulative distribution is obtained the ordi-
natea and absciuas of these distributions can be adjusted
to coincide with the appropriate service locad data.

The comparison of the cumulative peak distributions of
time histories having Weibull, Poisson and Binomial
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probability density functions was not made with the service

load data from ground transportation because of the varied
number of cumulative peaks exhibited (see Pigures 5.3-5.6).
The number of peaks is a direct function of the sample
lgngth-of the time history. In the present investigstiocon
the sample length %as fixed arbitrarily at 10,000 random
nﬁmbers which resulted in 3,336 maximum peaks. The sample
. 1engthlcould_just és easlly be adjusted to result in 5,000
or 10,000 peaks or:any other number of peaks so as to match
the service load data. The primary purpose here was to

. show thap'the shape of the cumulative peak distribution
»mﬁtched the service load data.

5.2 Utilization

It has been pointed out previously that two methods
have been proposedffor simulating,‘in a random fashion, the
service load histofies‘of aircraft. Tha first method pro-
" poses the generatién of g "quasi-stationary" random time
history whose cumulative peak distribution simulates that
found iﬁ service. "The second method, described herein,
proposes a stationary, non-Gaussian random time history
.wpo§qwcupu{a§iye peak distribution also simulates that
f;una in serfriceo Elther or both methods can be used to
conduct random load fatigue tests under simulated service
conditions, _

Proponehts of the quasi-stationary method of testing

argue that the root-mean-square stress or load encountered
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in service is varying continuously or is at least only
constant for short periods of time. The use of a station-
ary Gaussian time history from a random noise generator
whose root-mean-square level is varied in a random fashion
is employed to simulate ths service conditions. The number
of root-mean-square levels chosen to represent the cocndi-
tiéns encountered 1r. service is of primary importance., Too
few levels will not yield the required service distribution.
Too many will complicate the test setup. Of course, this
méthod of testiﬁg necessarily uses an analogue signal as
. its input either to an electrodynamic or an electro-
hjdfauiic shaker. It is also said that this method enables
}the wave form or'the~ﬁnalogug signal to be preserved, that
is,Athe frequency characteristics of the signal will be
applied to the specimen as generated. However, Clevenson
and Steiner (1967) haye shown that the shape of the power
‘sbéctrai during curve of a rendem time history, that is,
the frequbﬁcy content of thé’randam signsl, has little or
no effect on the fatigue life. |

The statlionary approach described herein, which is
nbéeéshrily digital, can be cited for its ease of testing.
A punched tape or punched card can be used to actuate a
hydraulic zervo valve to apply the peak loads in their
proper sequence., The root-mean-aquare level is held
cbnstant'so that no adjustment 1s required throughout a
test. Wave form is lost with this method but as mentioned

previously is considered of no consequence.
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Anslytically both methods result in the sdme cumulative
peak distribution. In addition, both methods apply the
loads in a random failure. Based on a linear accumulation
of damage both methods would necessarily result in the same
fatigue 1life,

It is the author's opinion that the digital or sta-~
tior.m;'y approach to testing is the more practical of the
-__two_propos_ed methods for the following reasons: (1) all
the‘p‘eak statistics are determined analytically prior to
testi:ing, (2) input to testing machine is in the form of
pgngh?dvo: magnetic tape, and (3) a constant root-mean-
squéré ievel is maintained throughout the test. However,
it would be beneficial to conduct both stationary and
quasi-stationary' tests in order tcs provide additi‘cnél
incite into the important fatligue induelng parameters
1nvc‘alk.ved in fatigue testing under random loading.
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6. CONCLUSIONS AND RECOMMENDATIONS

Five random time histories having mathematicslly
describable, non-Gaussian, amplitude probability density
functions have been generated with the aid of a digital
computer and their pesk statistics determined. The fol-
lowing conclusions have been drawn from an analysis of the
data obtained: (1) Stationary random time histories havimg
Exponential and/or Log-Normal amplitude probability density
functions can be used to simulate the peak load distribu-
tions encountered by aircreft in service. (2) Peak load
distributions encountered in service by ground transpor-
tation and handling equipment, that :13 s car, truck, rail

and overhead crfane,' can be approximated using the rema.inixzzg
‘tiree time histories investigated, namely t.h(:s'e_ having
Weibull, Poisson, and Binomigl amplitggie probablility
density functions. (3) The resulting time historles can
be used to conduct stationary random and/or programmed
block fatigue tests in which they simulate service load
conditions. (L) Maximum and minimum peak distributions
are unsymmetrical about the mean for non-Gsussian proba-
bility density functions but approach a symmetrical con-
dition as the probability density function approachss the
normal or Gausslian distribution.

It is recommended that a comparison based qn.ratigue
testing be made between the proposed "atatlonaﬁ" method

of simulating service ccnditions and the proposed’
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"quasi-stationary" method of simulating the same conditions.
These tests could provide additional incite into the
important fatigue inducing parameters involved in fatigue

testing under random loading.
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8. APPENDICES

8.1 WORTRAN Programs for Generating Non-Gaussian

Random Time Histories and Determining
Certain Peak Stetistlcs

8.1.1 Binomial Distribution

C

c RANDOM TIME HISTORY HAVING A BINOMIAL PROBABILITY
C DENSITY FUNCTION
c

PROGRAM PLOT (INPUT, OUTPUT, TAPE2)., TAPES=INPUT,
1TAPE6=0UTPUT ) |

DIMENSION P(1000),LZ(10000),JCOUNT (1000),F(1000)
DIMENSION LL(1000),NF(1000),P1(1000)

DIMENSION LZMAX(S000),LZMIN(5000),ZYM(3)
DIMENSION CZMAX(1000),CZMIN(1000),XSDBOT(100)
DIMENSION AMID(500),YJ1{1000),YJ(1000),YLOGIJSM(500)
DIMENSION PCOUNT(100),RANDOM(100),YBINTV(500)
DIMENSION XMY(1),X0M(1),IN(2),XM(2),¥YM(2),Y¥M(2)
DIMENSION XRMS(100),XXMEAN(100),XSDTOP(100)
DIMENSION XAM(L),YAM(2),ZAM(L),YLOGISM(S00)

aaa

DATA
DATA
DATA

DATA

DATA
DATA
DATA
DATA
DATA
DATA

INPUT DATA AND CONSTANTS

XM/11HPOINT COUNT/

YM/13HRANDOM NUMBER/

IN/7HHAL SRD,8HBINOMIAL/

XMY/QHFREQUENCY/-

YXM/10HCLASS MARK/

_ZM/2}HMAXIMUM PEAK VALUE COUNT/

ZYM/24HMINIMUM PEAK VALUE COUNT/

XA¥/LOHLOG OF CUMULATIVE FREQUENCY FOR MAXIMUMS/
YAM/17HLOWER CLASS LIMIT/

ZAM/),OHLOG OF CUMULATIVE FREQUENCY FOR MINIMUMS/

ITAPE=6LTAPE2]

aoaQaoaacaaaaa

INPUT VARIABLES DEFINED

N=NUMBER OF EVENTS .
M=NUMBER OF RANDOM NUMBERS TO BE GENERATED
PEE=PROBABILITY OF SUCCESS IN A GIVEN EVENT
BOTTOM=LOWER LIMIT OF RANDOM VARIABLE,LZ
TOP=UPPER LIMIT OF RANDCM VARIABLE,LZ
FREQM1=MAXTIMUM VALUE OF THEORETICAL AND ACTUAL
FREQUENCY OF OCCURRENCE

FREQM2=LARGEST PEAK VALUE (MINIMUM)
FREQM3=LARGEST PEAK VALUE (MAXIMUM)

2 READ(5,5) N,M,PEE,BOTTOM,TOP,FREQM1, FREQM2,FREQM3
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5 FORMAT (2I110,6F10.6)
IF(EOF,5) 991,990
990 CONTINUE
AN=N
P(1)=0.0
Q=1.-PEE
F(1)=Qu#N
KIT=N+1
WRITE(6,8) N,PEE
8 FORMAT(1H1,3X,26HBINOMIAL DISTRIBUTION 8=I5,5X,2HP=
1,F10.6//)
WRITE(6,19)
19 FORMAT(9X,IHX,lOX;lHF,1hX,1HP,12X,BHl-P/)
LABCDE=0
M=M+1
Jl=2
J=0
AM=M
KOUNT=0

C BINOMIAL PROBABILITY AND CUMULATIVE PROBABILITY

DO 110 I=1,KIT
AI=I
AIl=I-1
F(I+1)=((AN-AII)/AI)#(PEE/Q)*F(I)
P(I+1)=P(I)+F(1)
P1(I)=1.-P(I)
IF(P(I+1).LT.0. 00000001) GO TO 12C°
@0 T0 30

120 J1=I+2
GO0 TO 110

30 CONTINUE
IF(P(I+1).GT.0.99999999) GO TO 40
G0 TO 110

40 K=1
GO TO 111

110 CONTINUE

111 J1=J1-2
K=K-2 ; .
IF(J1.EQ.O0) GO TO 999
WRITE(6,1)(I,FP(I+1),P(I+2),P1{I+1),I=J1,K)

1 FORHAT(IIO 3?15 8)

GO TO 998

999 CONTINUE
KK=K+1
DO 996 I=1,KK
1I=I-1

996 WRITE(6,997) 1II F(I) P(I+1) Pl(I)

99 FORMAT(IIO 3F15 )

998 CONTINUE
J1=J1+1"
K=K+1
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Qo

aQaQ

112

63

53

CALCULATION OF THEORETICAL FREQUENCY OF OCCURRENCE

DO 112 I=J1,K.
NF(I)=F(1)+AM

IF(NF(I).EQ.0) GO TO 112
KOUNT=KOUNT+1

LL(KOUNT)=I

CONTINUE

MIN=LL(1)

MAX=LL (KCUNT )

WRITE(6,63) MIN,MAX

FORMAT (SHOMIN=I16,6H MAX=I6)

GENERATION OF RANDOM NUMBERS
X=34521637721.
L8Q=0

LSUM=0

Y=RANF(X)

X=0,0

IF(LABCDE EQ.M) GO TO 50

DO 51 I=MIN,MAX

IF(Y.GE. P(I) AND.Y.LT.P(I+1)) GO TO 52

- G0 TO 51

52

51
50

LABCDE=LABCDE+1
LZ(LABCDE)=I-1

LSUM=LSUM+LZ (LABCDE)
LSQ=LSQ+LZ (LABCDE )##2

GO TO 53

CONTINUE

GO TO 53

CONTINUE

XMEAN=FLOAT (LSUM) /FLOAT (M)
RMS=SQRT ( XMEAN: (1, -PEE ) +XMEAN##2)
XMEANSQ=FLOAT (LSQ) /FLOAT (M)
STDDEV =SQRT ( XMEANSQ-XMEAR:#2 )

TIME HISTORY PLOT OF FIRST 100 RANDOM NUMBERS

MIN=MIN-1
MAX=MAX-1

- DO 700 I=1,100

XSDTOP (I )"XMEAR-!»STDMV

. XSDBOT(I )smmu-,sr DDEV
XRMS(I)=RMS

700

XXMEAN (I )=XMEAN
PCOUNT(I)=I
RANDOM(I)=LZ(I)

103

CALL DDIPLT(O,IN,100, PCOUNT XRM8,1.0,100. ,BOTTOM,TOP,

12,XM,2,YM,13, ITAPE)

CALL DDIPLT(O IN,100,PCOUNT , XXMFAN,1,0,100.,BOTTOM,

ilToP,2,XM,2,YM, lh,ITAPE)



aaQaQ

Qaaa

10hL

CALL DDIPLT(0,IN,100,PCOYINT,XSDTOP,1.0,100,,BOTTOM,
1TOP,2,XM,2,YM,1),ITAPE)

CALL DDIPLT(O,IN,100,PCOUNT,XSDBOT,1.0,100,,BOTTOM,
1TOP,2,XM,2,YM,1l,ITAPE)

CALL DDIPLT(1,IN,100,PCOUNT,RANDOM,1.0,100,,BOTTOM,
1ToP,2,XM,2,YM, lh,ITAPE)

KCOUNT-O

THEORETICAL HISTOGRAM

WRITE(6,54)
Sl FORMAT ( 22HOTHEORETICAL HISTCGRAM//)
WRITE (6,55)
55 FORMAT(1HO,8X,1HX,7X,11HOCCURRENCES/)
IF(MIN,.EQ. 0) G0 T0 899
WRITE(6,9) (I,NF(I+1),I=MIN,MAX)
9 FORMAT(IlO,IlS)
GO TO 898
899 CONTINUE
MAX=MAX+1
DO 896 I=1,MAX
II=I-1
896 WRITE(6,897) II »NF(I)
897 FORMAT(I10,I15)
898 CONTINUE

- DETERMINATION OF ACTUAL HISTOGRAM

WRITE(6,13)
13 FORMAT(1HO//, 3X,16HACTUAL HISTOGRAN//)
MIN=MIN+1
MAX=MAX+1
DO 11 I=MIN,MAX
ICOUNT=0
DO 10 J=1,M
IF(LZ(J).EQ.I-1) ICOUNT=ICOUNT+1
10 CONTINUE
11 JCOUNT (I )=ICOUNT
WRITE(6,55)
DO 15 I=MIN,MAX
L=I-1.
15 WRITE(6,12)L,JCOUNT(I)
12 FORMAT(I10,I15)
WRITE(6,59) RMS,XMEAN,STDDEV
59 FORMAT (1H1, 3x,unnns=?1o 3, 3X, SHMEA¥=F10, 3, 3X, 15ESTD.
1DEVIATION=F10.3)
WRITE(6,56)
56 FORMAT (1HO//,B8X,1HX,7X,11HTHEO, FREQ.,lX,12HACTUAL
1FREQ. )
CHI=0
LA=MAX
DO 16 I=MIN,MAX
L=I-1
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200

201

105

CHL=( ( (F(I)%AM)-FLOAT (JCOUNT (I)))#=2/ (F(I)#AM))+CHI

KCOUNT=KCOUNT+1
AMID(KCOUNT)=L
YJ1(KCOUNT)=NF(I)

YJ(KCOUNT )=JCOUNT (1)
WRITE(6,17) L,NF(I),JCOUNT(I)
FORMAT(I10,2I15)

PLOTS OF COMFUTED AND THEORETICAL HISTOGRAMS

CALL DDIPLT(O,IN,KCOUNT,AMID,YJ1,BOTTOM,TOP,0,FREQM],
11,XXM,1,XMY,14,ITAPE)
CALL DDIPLT(1,IN,KCOUNT,AMID,YJ,BOTTOM,TOP,0,FREQM1,1
1,XXM,1,XMY,12,ITAPE)

DETERMINATION OF PEAK AND CUMULATIVE PEAK DISTRIBU-
TIONS FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

MAX=0

MIN=0

J=1

I=0

CONTINUE

I=I+1

IF(I.GT.M-1) GO TO 205
IF(I.NE.1) GO TO 1036

J=J+1 ' ,
IF(LZ(I).NE.LZ(J)) GO TO 202

- GO TO 201

202
1037
1038
1036

204

203

1021

1022
206
205

CONTINUE

IF(LZ(I).GT,LZ(J)) GO TO 1037
GO TO 1038

MAX=MAX+1

LZMAX(MAX)=LZ(I)

G0 TO 1036

MIN=MIN+1

LZMIN (MIN)=LZ(I)

CONTINUE ..

J=J+1

IF(LZ(I+1).NE.LZ(J)) GO TO 203
GO TO 204
IF(LZ(I+1).GT.LZ(J).AND.LZ(I+1).GT

IF(LZ(I+1).LT. LZ(J).AND LZ(I+l).LT.L

GO TO 206
MAX=MAZ+1
LZMAX(MAX)=LZ(I+1)
GO TO 206
MIN=MIN+1

LZMIN (MIN)=LZ(I+1)
I=J.2

G0 TO 200
CONTINUE
WRITE(6,103l)

JLZ(I)) G 0 TO 1021
Z(I)) GO TO 1022
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103L FORMAT (1H1,22X,16HPEAK VALUE COUNT)
WRITE(6,1039) MAX,MIN
1039 FORMAT (1HO,10X,1LHMAXIMUM PEAKS=IS,2X,1LHEMINIMUM PEAK
1S=I5///LiX,8HINTERVAL, 3X, 3HMAX, 3X, 3EMIN, LiX, LHCMAX, LX, It
2HCMIN, 2X,8HLOG CMAX, 3%, BHLOG CMIN/)
LUINTV=0
ISUM=0
JSUM=0
KCOUNT=0
1030 LUINTV=LUINTV+1
IF(LUINTV.GT.LA) GO TO 1035
ICOUNT=0
JKOUNT=0
LUINTV=LUINTV-1
LBINTV=LUINTV-1
DO 1031 I=1,MAX :
IF(LZMAX(I).LE.LUINTV.AND.LZMAX(I).GT .LBINTV) ICOUNT=
1ICOUNT+1
1031 CONTINUE
IF(ISUM.EQ.0) GO TO 1050
ISOM=MAX-ISUM
GO TO 1051
1050 ISOM=M:X
1051 ISUM=ISUM+ICOUNT
IF(ISOM.EQ.0) GO TO 500
XLOGISM=ALOG10 (FLOAT {ISOM)}
GO TO 510
500 XLOGISM=0
510 DO 1032 J=1,MIN
IF(LZMIN(J).LE. LUINTV AND. L&FIN(J) GT.LBINTV) JKOUNT=
- 1JKOUNT+1
1032 CONTINUE
IF(JSUM.EQ.0) GO TO 1052
JSOM=MIN-JSUM ,
GO TO 1053
1052 JSOM=MIN
1053 JSUM=JSUM+JKOUNT
IF(JSOM,EQ.0) GO TO 501
XLOGJSM=ALOG1O(FLOAT (JSOM))
GO TO 511
501 XLOGJISM=0
511 WRITE(6,1033) LBINTV,LUINTV,ICOUNT,JKOUNT,ISOM,JSOM,X
1LOGISM,XLOGJISM
1033 FORMAT (416,218,F9.L,F11.1L)

PLOTS OF PEAK AND LOG CUMULATIVE PEAK DISTRIBUTIONS
FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

KCOUNT=KCOUNT+1
YLOGISM(KCOUNT ) =XLOGISM
YLOGJSM(KCOUNT ) =XLOGJSM
YBINTV(KCOUNT )=LBINTV
CZMAX(KCOUNT )=ICOUNT

aaaaQ
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CZMIN (KCOUNT )=JKOUNT
AMID(KCOUNT )=LUINTV
LUINTV=LUINTV+1
GO TO 1030
1035 CONTINUE
CALL DDIPLT(1,IN,KCOUNT,YBINTV,YLOGISM,BOTTOM,TOP,O,l
1.,2,YAM,},XAM,12,ITAPE)
CALL DDIPLT(1,IN,KCOUNT,YBINTV,YLOGJSM,BOTTOM,TOP,O,i
1.,2,YaM,},2AM,12,ITAPE)
CALL DDIPLT(l IN,KCOUNT, AMID, CZMAX,BOTTOH TOP,O, FREQH
13,1,XXM,3,Y¥YM,12,ITAPE)
CALL DDIPLT(l,IN,KCOUNT,AMID,CZMIN,BOTTOH,TOP,O,FREQH
12,1,XXM,3,2YM,12,ITAPE)
GO TO 2
991 STOP
END

8.1.2 Poisson Distribution

C RANDOM TIME HISTORY FOR A PQISSON PROBABILITY DENSITY
C FUNCTION
c

PROGRAM PLOT (INPUT,OUTPUT, TAPE21 , TAPES=INPUT,
1TAPE6=0UTPUT)

DIMENSION F(300),R(300),JCOUNT(300),LZ(10000),LL(300)

DIMENSION LZMAX(5000),LZMIN(5000),NF(300)

DIMENSION CZMAX(1000),CZMIN(1000),Z2¥M(3),XSDBOT (100)

DIMENSION AMID(500),Y¥J1(1000),YJ(1000),YLOGJSM(500)

DIMENSION PCOUNT (100),RANDOM(100),YBINTV(500)

DIMENSION XMY(1),XXM(1),IN(2),XM(2),YM(2),YM(3)

DIMENSION XRMS(100),XXMEAN(100),XSDTOP(100)

DIMENSION XAM(lL),¥YAM(2),ZAM(l),YLOGISM(500)

INPUT DATA AND CCNSTANTS

DATA XM/11HPOINT COUNEL/

DATA YM/13HRANDOM NUMBER/

DATA IN/7HHAL SRD,7HPOISSON/

DATA XMY/9HFREQUENCY/ .

DATA XXM/10HCLASS MARK/

DATA YYM/24HMAXIMUM PEAK VALUE coum-/

DATA ZYM/2LWHMINIMUM PEAK VALUE COUNT/

DATA XAM/LOHLOG OF CUMULATIVE FREQUENCY FOR MAXIMUMS/
DATA YAM/17HLOWER CLASS LIMIT/

DATA ZAM/LOHLOG OF CUMULATIVE FREQUENCY FOR MINIMUMS/
ITAPE=6LTAPE21

INPUT VARIABLES DEFINED
M=NUMBER OF RANDOM NUMBERS TO BE GEHERATED

aaa

Qoaa
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c
C
c

990

102

U=MZAN OF RANDOM VARIABLE

BOTTOM=LOWER LIMIT OF RANDOM VARIABLE,LZ
TOP=UPPER LIMIT OF RANDOM VARIABLE,LZ
FREQM1=MAXIMUM VALUE OF THEORETICAL AND ACTUAL
FREQUENCY OF OCCURRENCE

FREQM2=LARGEST PEAK VALUE (MINIMUM)
FREQM3=LARGEST PEAK VALUE (MAXIMUM)

READ(5,3) M,U,BOTTOH,TOP,FREQMl,FREQHE,FREQﬁ}
FORMAT (110,6F10,6)

IF(EOF,5) 991,990

CONTINDE

LABCDE=0

M=M+]

N=499

Jl=2

J=0

AM=M

KOUNT=0 ,

IF(U.LE.21.) XLA=50,
IF(U.GT.21,.AND.U,LE.5h.) XLA=100.
IF(U.GT.54..AND.U.LE,92.) XLA=150,
IF(U.GT.92..AND.U,LE.130,.) XLA=200,
IF(U,GT.130,..AND,U.LE,170.) XLA=250.
IF(U.GT.170,..AND,U,LE,.205.) XLA=300.
WRITE(6,102) U,XLA

FORMAT (1H1, 3X, 29HPOISSON DISTRIBUTION, MEAN=F12.7,

110  XUPPER=F6.0//)

19

120
30

110
111

F(1)=EXP(-TU)

P(1)=0,0

WRITE(6,19)

FOHHAT(9X 1HX, 9X, 4HPROB, 9X,8HCUM PROB/)

POISSON PROBABILITY AND CUMULATIVE PROBABILITY

DO 110 I=1,N

P(I+1)=(U/(I))#F(I)
P(I+1)=P(I)+F(I)
IF(P(I+1).LT.0.00000001) GO TO 120
GO T0 30

J1=I+2

GO TO 110

CONTINUE

IF(P(I+1).GT.0.99999999) GO TO L4O

GO TO 110
Lo

K=I

a0 TO 111

CONTINUE

J1=J1-2

K=K-2

IF(J1.EQ.0) GO TO 999
WRITE(6,1)(I,F(I+1),P(I+2),I=J1,K)
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999

996
997
998

112

63

53

52

51
50

FORMAT (110,2F15.8)
GO TO 998
CONTINUE

KK=K+1

DO 996 I=1,KK
II=I-1
WRITE(6,997) II1,®(I),P(I+l)
FORMAT (I10,2F15,.8)
CONTINUE

J1l=J1+1

K=K+1

199

CALCULATION OF THEORETICAL FREQUENCY OF OCCURRENCE

DO 112 I=J1,K
NF(I)=F(I)#AM
IF(NF(I).EQ.0) GO TO 112
KOUNT=KOUNT+1

LL (KOUNT ) =I

CONTINUE °

MIN=LL(1)

MAX=LL(KOUNT)

WRITE(6,63) MIN,MAX

FORMAT (SHOMIN=I6,6H MAX=I6)

GENERATION OF RANDOM NUMBERS

X=34521637721.
1L8Q=0

LSUM=0

Y=RANF(X)

X=0,0

IF(LABCDE,EQ.M) GO TO 50
DO 51 I=MIN,MAX

IF(Y.GE.P(I).AND.Y.LT.P(I+1)) GO TC 52

GO TO S1

LABCDE=LABCDE+1

LZ (LABCDE)=I-1
LSUM=LSUM+LZ (LABCDE)
LSQ=LSQ+LZ (LABCDE}##2

GO0 TO 53

CONTINUE

GO TO 53

CONTINUE

XMEAN=FLOAT (LSUM) /FLOAT (M)
RMS=SQRT (XMEAN# ( XMEAN+1) )
XMEANSQ=FLOAT (LSQ)/FLOAT(M)
STDDEV =3QRT ( XMEANSQ-XMEAN##2)

TIME HISTORY PLOT OF FIRST 100 RANDOM NUMBERS

 MIN=MIN-1
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700

:110

MAX=MAX-1

DO 700 I=1,100

XSDTOP (I ) =XMEAN+STDDEV

XSDBOT (I ) =XMEAN-STDDEV

XRMS (I)=RMS

XXMEAN (I ) =XMEAN

PCOUNT (I )=I

RANDOM(I )=LZ (I)

CALL DDIPLT(O,IN,100,PCOUNT,XRMS,1.0 100.,BOTTOM TOP
12,XM,2,¥M,13, ITAPE)

CALL DDIPLT(0,IN,100,PCOUNT,XXMEAN,1.0 lOO.,BOTTOM
1TOP, 2,XM, 2, YM, 1k, ITAPE)

CALL DDIPLT(0,IN,100,PCOUNT,XSDIOP,1.0,100.,BOTTOM,
1TOP,2,XM,2, M, 1), ITAPE)

‘CALL DDIPLT(O,IN,100,PCOUNT,XSDEOT,1.0,100.;BOTTOM,
1TOP, 2,XM,2,YM, 1), ITAPE) -
CALL DDIPLT(1,IN,100,PCOUNT,RANDOM,1.0,100. ;BOTTOM,
1TOP, 2,XM, 2, YM, 1), ITAPE)

THEORETICAL HISTOGRAM

KCOUNT=0
WRITE(6,5))

lt FORMAT( "ZHOTHEORETICAL HISTOGRAM//)

55

9

899

896
89
89

13

10
11

WRITE(6,55)

FQRMAT(IHO 8X,1HX, 7X, 11HOCCURRENCES/)
IF(MIN. EQ.O) GO T0 899
WRITE(6,9)(I,NF(I+1),I=MIN,MAX)
FORHAT(IIO,IlS)

G0 TO 898

CONTINUE

MAX=MAX+1

DO 896 I=1,MAX

II=I-1

WRITE(6,897) II,NF(I)
FORHAT(IIO I15)

CONTINUE

DETERMINATION OF ACTUAL HISTOGRAM

WRITE(6,13

FORMAT(IHO//.BX 16HACTUAL HISTOGRAM//)
MIN=MIN+1

MAX=MAX+1

DO 11 I=MIN,MAX

ICOUNT=0

DO 10 J=1,M

IF(LZ(J).EQ.I-1) ICOUNT=ICOUNT+1
CONTINUE

JCOUNT (I )=ZCOUNT

WRITE(6,55)

DO 15 I=MIN,MAX
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111 .
L=I-1

15 WRITE(6,12)L,JCOUNT(I)

12

FORMAT(110,I15)
WRITE(6,59) RMS,XMEAN,STDDEV

59 FORMAT(1H1, 3X, hHRMS—FlO 3, 3X,SHMEAN=F10, 3, 3X lSHSTD

lDEVIATION~F10.3)
WRITE(6,56) '

56 FORMAT(1HO//,8X,1HX,7X,11HTHEO. FREQ.,LX,12HACTUAL

1FREQ.)

CHI=C

DO 16 I=MIN,MAX

L=I-1
CHI=(((F(I)*AM)~FLOAT (JCOUNT (I)))2/(F(I)#AM))+CHI
KCOUNT=KCOUNT+1

AMID(KCOUNT )=L

YJ1 (KCOUNT )=NF(I)

YJ (KCOUNT ) =JCOUNT(I)

16 WRITE(6,17) L,NF(I),JCOUNT(I)

17

FORMAT(I10, 2115)

* PLOTS OF COMPUTED AND THEORETICAL HISTOGRAMS

200

201

202

1037

1038
1036

CALL DDIPLT(O,IN,KCOUNT,AMID,YJ1,BOTTOM,TOP,0,FREQM1,
11,XXM,1,XMY,1L,ITAPE)

CALL DDIPLT(I IN KCOUNT,AMID,YJ,BOTTOM,TOP, O FREQMl 1
1,X3M,1,XMY,12, ITAPE) :

DETERMINATION OF PEAK AND CUMULATIVE PEAK DISTRIBU-
TIONS FOR BOTH MAXIMUM AND MINYMOM PEAK VALUES

MAX=0

MIN=0

J=1

I=0

CONTINUE

I=I+1

IF(I.GP.M-1) GO TO 205
IF(I.NE.1) GO TO 1036

J=J+1

IF(LZ(I).NE,LZ(J)) GO 70 202
GO TO 201

CONTINUE

IP(LZ(I).GT.LZ(J)) GO T0 1037
G0 TO 1038

MAX=MAX+1

LZMAX(MAX)=LZ(I)

G0 TO 1036

MIN=MIE+1

LZMIN(MIN)=LZ(I)

CONTINUE

20y J=J+1

IF(LZ(I+1).NE.LZ(J)) GO TO 203
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GO TO 20 S
203 IF(LZ (I+1).GT.LZ(J).AND.LZ(I+1).GT.LZ(I)) GO TO 1021
IF(LZ(I+1).LT.LZ(J).AND.LZ(I+1).LT.LZ(I)) GO TO 1022

GO TO 206
1021 MAX=MAX+1
LZMAX(MAX)-LZ(I+1)
GO TO 206
1022 MIN=MIN+1
LZMIN(MIN)=LZ(I+1)
206 I=J-2
GO TO 200
205 CONTINUE
WRITE(6,1034)
lOBh FORMAT(lHl 22X,16HPEAX VALUE COUNT)
WRITE(6, 1039) MAX MIN - -
1039 FORMAT(lHO 10X 1hEMAXIHUH PEAKS=IS5,2X, 1LHMINIMUM
1PEAKS=I5// éHINTERVAL 3X, 3AMAX, 3X, 3HMIN, hX, hHCMAX, -
Ehx,uHCMIN 2X BHLQG CMAI,BX BHLOG CMIN/)
LUINTV=0 -
ISUM=0
JSUM=0
KCOUNT=0
LA=XLA
1030 LUINTV=LUINTV+1
ICOUNT=0
JKOUNT=0
LUINTV=LUINTV-1l
* LBINTV=LUINTV-1l
DO 1031 I=1,MAX
IF(LZMAX(I).LE, LUINTV,AHB IZMAX(I).GT,LBINTV) ICOUNT=
1ICOUNT+1
1031 CONTINUE )
IF(ISUM.EQ.0) GO TO 050
ISOM=MAX-ISUM
GO TO 1051
1050 ISOM=MAX
1051 ISUM=ISUM+ICOUNT
IF(ISOM.EQ.0) GO TO 500 .
XLOGISM=ALOG10(FLOAT(ISOM))
GO TO 510
500 XLOGISM=0
510 DO 1032 J=1,MIN
IF(LZMIN(J).LE.LUINTV,AND.LZMIN(J).GT . LBINTV) JKOUNT=
1JKOUNT+1
1032 CORTINUE
IF(JSUM.EQ.0) GO TO 1052
JSOM=MIN-JSUM
@0 TO 1053
1052 JSOM=MIN
1053 JSUM=JSUM+JKOUNT
IF(JSOM,EQ.0) GO T0 501
XLOGJSM=ALOG10(FLOAT (JSOM))
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501
511
1033

1035

991

113

GO TO 511

XLOGJSM=0

IF(ISOM.EQ.0,.AND,JSOM,.EQ.0) GO TO 1035

WRITE(6,1033) LBINTV,LUINTV,ICOUNT,JKOUNT,ISOM,JS0M,X

1LOGISM, XLOGJSM

FORMA”(LIé 218,F9.L4,F11.L4)

Lk
PLOTS OF PEAK AND LOG CUMULATIVE PEAK DISTRIBUTICNS
FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

KCOUNT=KCOUNT+1

YLOGISM (KCOUNT ) =XLOGISM

YLOGJSM(KCOUNT ) =XLOGJSM

YBINTV (KCOUNT ) =LBINTV

CZMAX (KCOUNT ) =I COUNT

CZMIN (KCOUNT ) =JKOUNT

AMID(KCOUNT )=LUINTV

LUINTV=LUINTV+1

GO TO 1030

CONTINUE |
CALL DDIPLT(1,IN,KCOUNT,YBINTV,YLOGISM,BOTTOM,TOP,Q,L

1.,2,YAM,},XAM,12,ITAPE)

CALL DDIPLT(l IN,KCOUNT, YBINTV,YLOGJSM,BOTTOM,TOP,0,Y4

1.,2,YAM,4,ZAM, 12 ITAPE)

CALL DDIPLT(I IN,KCOUNT, AMID,CZMAX,BOTTOM,TOP, 0, FREQM

13,1,XM,3,YM,12,1ITAPE)

CALL DDIPLT(l IN,KCOUNT, AMID,CZMIN,BOTTSM,TOP, 0, FREQH
12,1,XM,3,Z2¥M,12 ITAPE)

GO TO 2

STOP

END

8.1.3 Weibull Distribution

Qaaa

GO

RANDOM TIME HISTORY HAVING A WEIBULL PROBABILITY
DENST™Y FUNCTION

PROGRAM PLOT (INPUT, OUTPUT,TAPE21,TAPES=INPUT,

1TAPE6=CUTFUT)

DIMENSION Z(10000),ZMIN(5000),ZMAX(5000),XSDBOT (100)
DIMENSION XMID(IOO) CZMAX(IOOO) CZMIH(IOOO) ZIMM(3) T
DIMENSION AMID(100),YJ1{(10060), YJ(IOOO),YLOGJSM(SOO)
DIMENSION PCOUNT(lOO RANDOM(IOO) YBINTV (500)
DIMENSION XMY(l), XXM(I) IN(2), XM(2) L YM(2),YYM(3)
DIMENSION XRHS(IOO) XXMEAN(IOO) XSUI‘OP(IOO)
DIMENSION XAM(L), YAM(Z) ZAM(hL) YLOGISM(SOO)

INPUT DATA AND CONSTANTS
DATA XM/11HPOINT COUNT/



Qoaaaaaaacoacaa

aaQ

600
601

603

1l

11k

DATA YM/13HRANDOM NUMBER/

DATA IN/7HHAL SRD,10EWEIB.DIST./

DATA XMY/?HFREQUENCY/

DATA XXM/10HCLASS MARK/

DATA YYM/2LHMAXIMUM PEAK VALUE COUNT/

DATA ZYM/2LHMINIMUM PEAK VALUE COUNT/

DATA XAM/LOHLOG OF CUMULATIVE FREQUENCY FOR MAXIMUMS/
DATA YAM/17THLOWER CLASS LIMIT/'.

DATA ZAM/1OHLOG OF CUMULATIVE FRYQUENCY FOR MINIMUMS/
ITAPE=6LTAPE21

INPUT VARIABLES DEFINED

XINT=CLASS INTERVAL o
ALPHA=PARAMETER OF WEIBULL DISTRIBUTION
BETA=PARAMETER OF WEIBULL DISTRIBUTION
ULIMIT=MAXIMUM VALUE OF RANDOM VARIABLE,Z
M=NUMBER OF RANDOM NUMBERS TO BE GENERATED
FREQM1=LARGEST PEAK VALUE (MINIMUM)
FREQM2=LARGEST PEAK VALUE (MAXIHUH)

READ(S,éOl) XINT,ALPHA BETA,ULIHIT M,FREQM1, FREQM2
FORMAT (4F10, 3,110 2F10,.3)

IF(EOF,5) 602,603

CONTINUE

X2=0

SUMN=0

M=M+1

X=31521637721.

CHI=0

AM=M

WRITE(6,1) ALPHA,BETA )
FORMAT(3131WEIBULL DISTRIBUTION, ALPHA=F10.6,8H
lBETA—Flo 6///)

GENERATION OF RANDOM NUHBERS
DO 2 I‘l M

e Y"RANF(X)
| RWEIB-XWEIB(Y,ALPHA,BETA)

Loo

Z(I)=RWEIB

. SUMN=SUMN+2Z(I)

X2=X2+Z(T a2 -

 XMEAN=SUMN/AM

RMS=SQRT (X2 AM)

XMEANSQ=X2/AM

swnnm:sm(mnsq.mmﬂz)

WRITE(6,)400) RMS,XMEAN,STDDEV

FORMAT (1H1, 3X,4HRMS=F8 1, }|X, SHMEAN=F8 1;, 3X, 15HSTD. DE
IVIATION=F8.L;)
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700

115

TIME HISTORY PLOT OF FIRST 100 RANDOM NUMBERS

BLIMIT=0

TOP=ULIMIT

BOTTOM=BLIMIT

DO 700 I=1,100

XSDTOP (I ) =XMEAN+STDDEV
XSDBOT (I ) =XMEAN-STDDEV

XRMS (I )=RMS

XXMEAN (I )=XMEAN

PCOUNT(I)=IL :
RANDOM(I )=Z(TI) '
CALL DDIPLT{O,IN,100,PCOUNT,XRMS,1.0 100,,BGTTOH TOP,

12,XM,2,1M,13, ITAPE)

CALL DDIPLT(O IN,100,PCOUNT, XXMEAN,1.0,100, ,BOTTOM,

iTop,2,XM,2,YM, 1h,ITAPE)

CALL DDIPLT(O IN,100,PCOUNT,XSDTOP,1.0 1OOQ,BOTTOM

1T0P,2,XM,2,YM, lh,ITAPE)

CALL DDIPLT(O IN,100,PCOUNT, XSDBOT,1.0 lOO.,BOTTOM

iTopP,2,XM,2,YM, lh,ITAPE)

1

CALL DDIPLT(l IN,100, PCOﬁNT RANDOM,1.0 lOO.,BOTTOM
TOP,2,XM,2,YM lh,ITAPE)

CALCULATION AND COMPARISON OF COMPUTED ANWD -
THEORETICAL HISTOGRAMS

KCOUNT=0

I=0

K=0
AMDPT=XINT/2.
WRITE(6,210)

- 210 FORHAT(IHO//,4X,10HCLASS MARK, 3X,11HTHEOQ, FREQ.,ZX 12
1HACTUAL FREQ.,7X,4HF(X)/)

6

7

GO TO 7

BLIMIT=BLIMIT+XINT

IF(BLIMIT.GT.ULIMIT) GO TO 8

AMDPT=AMDPT+XINT

J=0:

CONTINUE -

DO § I=1,M
Ig(Z(I&.GT.BLIMIT.AND.Z(I).LT.(BLIHIT+XINT)) GC TO 5
GO TO 4

5 J=J41.
I, CONTINUE

ALPHA1=ALPHA-1,
FX=ALPHA#BETA# ( AMDPT##ALPHAL )# EXP ( -BET A% ( AMDPTs+% ALPHA

1))

AJ1=FX#XINT#AM
IF(AJ1.EQ.0) GO TO 8
AJ=J

J1=AJ1 -
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CHI=((AJ-AJ1)##2)/AJ1+CHI
WRITE(6,11) AMDPT,J1,J,FX
FORMAT (F12.k,4X,110,115,F16.6)

PLOTS OF COMPUTED AND THEORETICAL HISTOGRAMS

K=K+J
KCOUNT=KCOUNT+1
AMID(KCOUNT ) =AMDPT
YJ1 (KCOUNT ) =J1
YT (KCOUNT)=J
GO TO 6
CONTINUE Lo
GALL DDIPLT(0, IN,KGOUNT, AMID,YJ1,B0TT0N, TOP,0, FREQML,
11, XXM, 1,XMY, 1l ITAPE) |
CALL DDIPLT(1,IN,KCOUNT,AMID,YJ,BOTTOM,TOP,0 FREQM]. 1
1,XXM,1,XMY,1,ITAPE)

WRITE(6,10)

10 Foanér(m ///)

37

38

36

21

22
20

WRITE(6,10)

DETERMINATION OF PEAK AND CUMULATIVE PEAK DISTRIBU-
TIONS FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

MAX=0

MIN=0

M=M.2

DO 20 I=1,M

IF(I.NE. 1) GO TO 36

IF(2(1).GT.Z{I+1)) GO TO 37

GO TO 38~

MAX=MAX+1

ZMAX(MAX)=Z(I)

GO TO 36

MIN=MIN+1

ZMIN(MIN)=Z(I)

CONTINUE :
IF(2(1+1).GT.Z(1).AND.Z(I+1).GT.Z(I+2)) GO TO 21
IF(2(1I+1).LT.2(I).AND,Z2(I+1).LT.2(I+2)) GO TO 22
GO TO 20 : : '
MAX=MAX+1

ZHAI(HAX)-Z(I+1)

GO TO0 20

MIN=MIN+1

ZMIR(HIN)"'Z(I-I-].)

CONTINUE .

WRITE(6,3L)

34 FORHAT(IHI 22X, 16BPEAK VALUE COUNT)

39

WRITE(6,39) MAX,MIN

FORMAT (1H0,10X, 14EMAXIMUM PEAKS=IS,2X,1LHMINIMUM PEAK

18=15///uX, BHINTERVAL, 3X, 3HMAX, 3X, 3HMIN, X, LHCMAX, ™, It
2HCMIN, 2X, BELOG cm,sx,ém.oc CMIN/)
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ISUM=0
JSUM=0
UINTV=0
KCOUNT=0
30; UINTV=UINTV+XINT
-ICOUNT=0
"~ JCOUNT=0
BINTV=UINTV-XINT
“DO 31 I=1,MAX
- IP(ZMAX(I).LE.UINTV.AND.ZMAX(I).GT.BINTV) ICOUNT=ICOU °
ANT+1
31 CONTINUE ‘
“IF(ISUM.EQ.0) GO TO 50
- ISOM=MAX-ISUM
GO TO 51
50 ISOM=MAX
51 ISUM=ISUM+ICOUNT
IF(ISOM.EQ.0) GO TO 500
' XLOGISM=ALOG10(FLOAT (ISOM))
« GO TO 510
500 XLOGISM=0
510°D0 32 J=1,MIN
,IF(ZMIN(J) LE.UINTV. AND ZMIN(J).GT.BINTV) JCOUNT=JCOU
iNT+1
32 CONTINUE
IF(JSUM.EQ.0) GO TO 52
JSOM=MIN-JSUM
GO TO S3
52 JSOM=MIN
53 JSUM=JSUM+JCOUNT
IF(JSOM.EQ.0) GO TO 501
. XLOGJSM=ALO0G10( FLOAT (JSOM) )
@G0 TO 511
501" XLOGJISM=0
IF(ISOM.EQ.0.AND, JSOM EQ.0) GO TO 35
511 WRITE(6,33) BINTV, UINTV ICOUNT,JCOUNT ISOM,JSOM XLCGI
18SM,XLOGJSM -
33 FORMAT(Fé 2,2H ,Fh.z 216 218 2F11, h)

PLOTS OF PEAK AND LOG CUMULATIVE PEAK DISTRIBUTIONS
FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES
KCOUNT=KCOUNT+1
YLOGISM (KCOUNT ) =XLOGISM
YLOGJSM(KCOUNT ) =XLOGJSM
YBINTV(KCOUNT)=BINTV
IF(KCOUNT.EQ.1) XMID(KCOUNT )=XINT/2.
" IF(KCOUNT.GT.1l) XMID(KCOUNT )=XMID(KCOUNT-1)+XINT

CZMAX(KCOUNT )=ICOUNT
czmmxcom)-.rcouu'r
GO TO 30~ -

35 CONTINUE
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CALL DDIPLT(1,IN,KCOUNT,YBINTV,YLOGISM,BOTTOM,TOP,O,l
1.,2,YAM,l;,XAM,1,ITAPE)

CALL DDIPLT(1,IN,KCOUNT,YBINTV,YLOGJSM, BOTTOM, TOP, 0,k
1.,2,YAM, ), ZAM, 1, ITAPE)

CALL DDIPLT(1,IN,KCOUNT,XMID,GZMAX,BOTTOM,TOP,0,FREQM
12,1,XXM, 3,Y¥M,1, ITAPE)

CALL DDIPLT(1,IN,KCOUNT,XMID,CZMIN,BOTTOM,TOP,0,FREQM
12,1,XXM, 3, ZYM,1,ITAPE)

GO TO 600 -

602 STOP  ©
END

8.1.4 Exponefxtié.l Distribution

c RANDOM ‘I‘IME HISTORY HAVING AN EXPONENTIAL
G PROBABILITY DENSITY DISTRIBUTION

PROGRAM PLOT (INPUT,OUTPUT,TAPE21, TAPES=INPUT,
1TAPE6=0UTPUT)
DIMENSION Z(10000),ZMIN(5000),ZMAX(5000) ,XSDBOT(100)
DIMENSION XMID(500),CZMAX(1000),CZMIN(1000),2ZYM(3)
DIMENSION AMID(500),YJ1{1000),¥J(1000),YLOGJSM(500)
DIMENSION PCOUNT (100),RANDOM(100),YBINTV(500)
DIMENSION XMY(1), m(l) IR(2),XM(2),M(2),YYM(3)
DIMENSION XRHS(IOO) JO(ME.AN(IOO) XSDTOP(100)
DIMENSION XaM(L) YAM(Z) ZaM(L) YLOGISH(SOO)

INPUT DATA AND CONSTANTS

QQa

DATA XM/llHPOINT COUNT/
DATA YM/13HRANDOM NUMBER/
DATA IN/7HHAL SRD,10HEXP. DIST./ .
DATA XMY/9HFREQUENGY/
DATA XXM/10HCLASS MARK/.
DATA YYM/2l{HMAXTMUM PEAK VALUE COUNT/
* DATA ZYM/2LHMINIMUM PEAK VALUE COUNT/
DATA XAM/LOHLOG OF CUMULATIVE FREQUENCY FOR MAXIMUMS/
DATA ' YAM/17HLOWER CLASS LIMIT/
DATA ZAM/LOHLOG OF CUMULATIVE FREQUENCY FOR MINIMUMS/
ITAPE=6LTAPE21

INPUT VARIABLES DEFINED

M=NUMBER OF @ 7DOM N''MBERS TO BE GENERATED
THETA=MEAN ANDOM VARIABLE

FREQM1=MAXT JALUE OF THEORETICAL AND ACTUAL
1FREQUENCY ~CCURRENCE

FREQM2=L4A’ ST PEAK VALUE (MINIMUM)
XINT=CLAS> INTERVAL

ULIMIT=UPPER LIMIT OF RANDOM VARIABLE,Z

Oaoaaoaaaaaaaa
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FREQM3=LARGEST PEAK VALUE (MAXIMUM) “

600 READ(S5,601) M,THETA,FREQM1,FREQM2,XINT, ULiMIT ,FREQM3 |
601 FORMAT(I10,F10,3,2F10.0,3F10.3)
" IP(EOF,5) 602,603
603 CONTINUE
X2=0
SUMN=0
M=M+1
X=34,521637721.
CHI=0
AM=M
WRITE(6,1) THETA o
1 FORMAT(élHlEXPONENTIAL DISTRIBUTION, F(X)LTHETA#EXP(
-- 1-THETA#X) THETA=F10.6///) B

GENERATION OF RANDOM NUMBERS

aaQ”

DO 2 I=1,M
Y=RANF (X)
_.X=0,0
REXP-XEXP(Y THE'I‘A)
Z(I)=REXP
SUMN=SUMN+Z(I)
2 X2=X2+Z(IY#:2
. XMEAN=SUMN/AM: .. : °
RMS=8SQRT (X2/AM)
XMEANSQ=X2/AM
STDDEV=SQRT ( XMEANSQ-XMEAN##2 )
WRITE(6,4,00) RMS,XMEAN,STDDEV
" oo FORMAT(lHl 3x,hHRMS—F8 Iy, kX, SEMEAN=F8, 1;,3X,,J.SHSTD DE
1VIATION=F8.l4)

g

TIME HISTORY PLOT OF FIRST 100 RANDOM NUHBWS

J=0
K=0
AMDPT=XINT/2.
BLIMIT=0
- POP=ULIMIT
BOTTOM=BLIMIT
DO 500 I=1,100
XSDTOP (I ) =XMEAN+STDDEV
,mmwurmmmmww
XFRMS (I )=RMS .
XXMEAN (T )=XMEAN
PCOUNT (I )=I .
500 RANDOM(I)=Z(I)
" CALL DDIPLT(0,IN,100,PCOUNT,XRMS,1,0,100,,B0TT0N, TP,
12,XM,2,YM,13,ITAPE)
CALL DDIPLT(0,IN,100, PCOUNT, XXMEAN, 1.0,100. ,BOTFOM, T0
1P, 2,XM, 2,¥M, 11, ITAPE)

aQQ
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CALL DDIPLT(O IN,100,PCOUNT,XSDTOP,1,0,100. ,BOTTOM,TO
1P,2,XM,2,YM lh,ITAPE)

CALL DDIPLT(O IN,100,PCOUNT, XSDBOT,1.0 100.,BOTTOM TO
1p,2,XM,2 YM,;h ITAPE)

CALL DDIPLT(l IN,100,PCOUNT, RANDOM 1.0 lOO.,BOTTOM TO&
1pP,2,XM,2,YM lh,ITAPE)

' CALCULATION AND COMPARISON OF COMPUTED AND.
_ THEORETICAL HISTOGRAMS

_WRITE(6,210) v
FORMAT (1HO//, )X, 10HCLASS MARK, 3X,11HTHEO, Fm.,zxq ‘
-1HACTUAL- FREQ. , 7X,4HF (X)/) T
KCOUNT=0

GO TO T

' BLIMIT=BLIMIT+XINT

IF (BLIMIT.GT ,ULIKIT) GO TO 8
 AMDPT=AMDPT+XINT

J=0

CONTINUE o
DO L4 I=1,M
"IF(Z(I).GT.BLIMIT.AND.Z(I).LT. (BLI}IIT+XIHT)) GO TO" 5 ;
G0 TO. ’4.
J=J+1

'CONTINUE.

' FX=THETA%#EXP (-AMDPT#THETA)

AT1=FXaXINT#AM

IF(AJ1.EQ.0) GO TO 8

AT=T o

J1=AJ1 | |

'CHI=( (AJ-AJ1)s#2)/AT1+CHI

" 'WRITE(6,11) AMDPT,J1,J,FX
11 FORMAT (F12. Iy, kX, 110,118,F16.6)

?PLOTS OF COMPUTED AND THEORETICAL HISTOGRAMS

‘K—K+J S
'KCOUNT—KCOUNT+1
AMID(KGOUNT)-AHDPT
YJL(KCOUNT )=J1
,YJ(KCOUNT):J“

GO.TO 6 :

‘8 :CONTINUEB * '
* * CALL-DDIPLT(O, IN  KCOUNT mn,m,somou,ror 0,FREQM1,
©11,XxM,1,XMY, 10, ITAPE).

CALL DDEPLT(I IN,KGOUNT,AHID,YU BOTTOM,TOP,0 FREQMl 1

- 1,XXM,1,XMY,1, ITAPE)

WRITE(6 10)

10 Fomm-(m ///)
N=M-K

WRITE(6 10)



. DETERMINATION OF PEAK AND CUMULATIVE PEAK DISTRI-
., BUTIONS FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

aQaQ

. MAX=0
. MIN=0
+ M=M.2
DO 20 I=1,M

7. MAX=MAX+1
ZMAX (MAX)=2(I)
GO TO 36
8 MIN=MIN+1
- ZMIN (MIN)=Z(I)
6 -CONTINUE
IF(2(I+1).GT.Z(I).AND.Z(I+1).GT.%(I+2)) GO TO 21
IF(Z(T+1).LT.Z(T).AND.2(I+1).LT.Z(I+2)) GO TO 22
60 T0 20
31 MAX=MAX+1
. ZMAX(MAX)=Z(I+1)
-+ GO TO 20 .
- _22 MIN=MIN+1
J. L ZMIN(MIN)=Z(I+1)
%+ 20 CONTINUE o
- WRITE(6,34)
3l FORMAT (11, 22X, 16HPEAK VALUE coum)
;77 WRITE(6,39) MAX,MIN.
3 Fomr(mo 10X, 1;HMAXIMUM PEAKS=IS,2X, 1LEMINIMUM PEAK
"{18=15///uX,8HINTERVAL, 3X, 3HMAX, 3X, 3HMIN, X, {HCMAX, X, &y
:-';ZHCMIN 2x éHLOG CMAX, 3X,8HL0G GMIN/)
+ JSUM=0-
* KCOUNT=0
VINTV=0
30 UINTV=UINTV+XINT
. ICOUNT=0
JCOUNT=0
o BINTv=u1m-xIM
- DO’ 31°I=1,MAX
IF(ZMAX(I) LE. UINTV. ARD. zmxm GT.BINTV) ICOUNT=ICOU
1N'1‘+1
- 31, CONTINUE
© " IF(ISUM.EQ.0) GO T0 50
' ISOM=MAX-ISUM -
 eomT0o851
50° TSOM=MAX
.51 ISUM=ISUM+ICOUNT
IF(ISOM.EQ.0) GO TO 503
XLOGISM=ALGG10 (FLOAT (ISOM))
GO_TO 510
503 XLOGISM=0

Y &
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510 DO 32 J=1,MIN
IF(ZMIN(J) LE.UINTV , AND. ZMIN(J).GT.BINTV) JCOUNT=JCOU

INT+1 e

32 CONTINUE
IF (JSUM. B¢ 0) GO TO 52

UJ‘ "MI}F-

52 JSOM-MIN‘
53 JSUM-J“SUMNCOUNT
; E@, 0) GO TO 501

IF(ISOM.EQ.O. AND., JSOM,EQ. 0) GO TO 35
511 W‘RITE(«;S ) BINTV,UINTV,ICOUNT, JCOUNT, ISOM, JSOM, XLOGI

PLOTS F EAK AND LOG CUMULATIVE PEAK DISTRIBUTIONS
FOR BQTH MAXIMUM AND MINIMUM PEAK VALUES

KCOUNTSKCOUNT+1
YLOGISM (KEOUNT ) =XLOGISM
YLOGJSM,( KGOUNT ) =XLOGJSM
YBINTV(KGOUNT ) =BINTV
IF (KCOUNT,EQ.1) XMID(ECOUNT)=XINT/2.
IF(KCOUNT.GT.1) XMID(KCOUNT)=XMID(KCOUNT-1)+XINT
CZMAX (KCQUNT ) =ICOUNT
czmm&coﬁm)—.rcoum
GO TO 30 *
35 CONTINDE &
CALL DDIPET(1,IN,KCOURT,YBINTV,YLOGISM,BOTTOM,TOP,0,l
1.,2,YAM; [i;XAM,1,ITAPE)
CALL DBIPLT(1,IN,KCOUNT,YBINTV,YLOGJSM,BOTTOM,TOP,C,l
1.,2,YAM,l, ZAM, 1, TTAPE) =
CALL _DDTELT(1,IN,KCOUNT,XMID,CZMAX,BOTTOM,TOP,0, FREQM
13,1,XXM;3,¥¥M, 1, ITAPE)
CALL DDIPLT(1,IN,KCOUNT,XMID,CZMIN,BOTTOM,TOP,0,FREQM
12,1 mr,;,‘zm,l ITAPE)
GO TO w60(3 o
602 STOP -
END

aQaaaaaQ
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8.1.5 Log-Nohdﬁ Distribution

-
3. ®

c _— .f,fi )
C. RANDCM:"2IME HISTORY HAVING A LOG NORMAL PROBABILITY
c DENSITY DISTRIBUTION
Cc ' ,
PROGRAM PLOT (INPUT, OUTPUT,TAPE21, TAPES=INPUT,

1TAPE6=0UTPUT)
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DIMENSION Z(10000),W(10000),ZMAX(5000),ZMIN (5C00)
JTMENSION CZMAX(1000),CZMIN(1000),2ZYM{3),XXX(2)
DIMZi3ION AMID(SOO) ¥31(1000),¥7(1000),BMID(S00)
DIMENSION PCOUNT(100),RANDOM(100),7BINTV(500)
DIMENSION XMY(1),XX¥ ?i),m(z) XM(2),¥M(2),YYM(3),
DIMENSION XRMS(100),XXMEAN(100),XSDTCP(100),

1XSDBOT (100) N .
DIMENSION XAM(L), ), ZAM (L) , YLOGISHM(500),
1YLOGJISM(500) ‘ :
INPUT DATA AND CO TS
DATA XM/11HPOINT /
DATA YM/13HRANDOM NUMBER/
DATA IN/7HHAL SRD;} ,oc+ NORMAL/
CATA XMY/9HFREQUEN
DATA XXX/17HLOG OF. S8 MARK/
DATA XXM/1OHCLASS ;¥
DATA YYM/2LHMAXIMUM e.AK VALUE COUNT/
DATA ZYM/2LHMINIMUM PEAK VALUE COUNT/
. DATA XAM/LOHLOG OF: ER OF EXCEEDANCES. ., MAXIMUMS/
DATA YAM/17HLOWER CLASS LIMIT/
DATA ZAM/L,OHLOG opf“mﬁﬂam OF EXCEEDANCES.,.,.MINIMUMS/
ITAPE=6LTAPE2] N
INPUT VARIABLES DEFINED
M= BER OF RANDOM BERS TO BE GENERATED
XMU-nZAN OF LOGARITHME OF RANDOM VARIABLE,Z
SIGMAS=VARIANCE OF, LosARITmas OF RANDOM VARTABLE,Z
JZCINT=CLASS INTERVA%L 2 LOGARITHMS OF RANDOM VARIABLE,
1 3
YINT=CLASS INTERVAL’O¥ PEAKS
TOP=UPPER LIMIT OF RANDOM VARIABLE,2
BOTTOM=LOWER LIMIT OF, RANDOM VARTABLE,Z
BLIMIT=LOGARITHM OF:pBQOTTOM .
ULIMIT=LOGARITHM OF “TCP
FREQM1=MAXIMUM VALUE*%QF THEORETICAL AND ACTUAL FREQUE
1NCY OF OCCURRENCE"
FREQM2=LARGEST PEAK: éLUE (MINIMUM)
FREQM3=LARGEST PEAK-\ UE {MAXIMUM)
hl READ(S,40) M, m,sm%s,nm' ,YINT ,BLIMIT,ULIMIT,BOTTO
1M, TOP,FREQM1, FREQM2
1:0 FORMAT(I10,2F10.6, 21?5 ,4F10.6/3F10.6)
IF(EOF,5) 991,990 . -
990 CONTINUE R N
91-3 114159265 R A
AM=M L
M=M+1
=344521637721.

BOTTUM=BLIMIT
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TIP=ULIMIT

SIGMA=SQRT (SIGMAS)

WRITE(6,2) XMU,SIGMAS,SIGMA

FORMAT(89H1LOG NORMAL DISTRIBUTION, F(X) (1/(SIGMA*S

1QRT (2#PI)) )#EXP (- (LN(X)- MEAN)wz/(a*smMAwa))//en ME
2AN=F5.2,16H SIGMA SQUARE=FS.2,9H SIGMA=F5.2///)

Loo

700

GENERATION OF RANDOM NUMBERS

SUMN=0 -

X2=0 '

DO 1 I=1,M

Y=RANF(X)

X=0,0

RLOGNL=XLOGNL (Y, XMU, SIGMAS )
Z(I)=RLOGNL

W(I)=ALOG(Z(I))
SUMN=SUMN+Z(I)

X2=X2+Z (I )##2

CONTINUE

XMEAN=SUMN/AM

RMS=SQRT (X2/AM)
XMEANSQ=X2/AM

STDDEV =SQRT ( XMEANSQ-XMEAN:::2 )
WRITE(6,1400) RMS,XMEAN,STLDEV
FORMAT(lHl X, hHRHS-FB b,,h.X,SHMEAN—FB h,Bx ISHSTD DE
1VIATION—F8 h.)

TIME HISTORY PLOT OF FIRST 100 RANDOM NUMBERS

J=0

K=0

DO 700 I=1,100

XSDTOP (I ) =XMEAN+STDDEV

XSDBOT (I ) =XMEAN-STDDEV

XRMS (I ) =RMS

XXMEAN (I )=XMEAN

PCOUNT (I )=I

RANDOM(I )=2(I) -

CALL DDIPLT(O,IN,100,PCOUNT,XRMS,1.0,100.,BOTTOM,TOP,

12,XxM,2,YM,13, ITAPE)

CALL DDIPLT(O IN,lOO,PCOUNT X.XHEAN 1.0,100.,BOTTOM, TO

1P,2,XM,2,YM, lh.,I'.l'APE)

CALL DDIPLT(O,IN,100, PCOUNT, XSDIOP,1.0,100. ,BOFTON, TO
1P, 2,XM,2,¥M, 11}, ITAPE)
CALL DDIPLT(O,1IN, 1oo,rcoun'r XSDBOT,1.0,100.,BOTTOM, TO

1P,2,XM,2 YM,lLL ITAPE) ------

CALL DDIPLT(l IN, IOO,PCOUNT RANDOK 1.0 100.,BOTTOH TO
1pP,2,XM,2,IM,1 ITAPE)

CALCULATION AND COMPARISON OF COMPUTED AND
THEORETICAL HISTOGRAMS



aao

Qoo

210

125

WRITE(6,210)
FORMAT (1HO//,L4X, 7THMID-PT.,2X,11HACTUAL FREQ, 3X,2LHLOG

IMID-PT. THEO. FREQ/)

KCOUNT=0

GO TO 7

BLIMIT=BLIMIT+XINT ,
IP(BLIMIT.GT,ULIMIT) GO TO 8

J=0

CONTINUE

DO L I=1,M

IF(W(T).GT.BLIMIT.AND.W(I).LT. (BLIMIT+.1)) GO TO 5
GO TO I

5 J=J+1
ly CONTINUE

11

8

?

PTLOG=BLIMIT+XINT/2.
PT=EXP (PTLOG)
FX;(EXP( (PTLOG-XMU)**E/(2.*SIGHAS)))/uQRT(Z *PI*SIGMs
1AS) .

J1=FX#XINT#AM

WRITE(6,11) PT,J,PTLOG,J1
FORMAT (F10.l,111,F1).2,113)

PLOTS OF COMPUTED AND THEORETICAL HISTOGRAMS

K=K+J

KCOUNT=KCOUNT+1

AMID(KCOUNT ) =PT

 BMID(ECOUNT)=PTLOG

YJ1 (KCOUNT )=J1

YJ (KCOUNT )=J

GO TO 6

CONTINUE

CALL DDIPLT(O,IN,KCOUNT,AMID,YJ1,BOTTOM,TOP,0 FREQMI,
11,XXM,1,XMY,1l, ITAPE)

CALL DDIPLT(1,IN,KCOUNT,AMID,YJ,BOTTOM,TOP,0, FREQM,1
1,X0M,1,XMY,1, ITAPE)

CALL’ DDIPL(0,IN,KCOUNT,BMID,YJ1,BOTTUM, TIP,0, FREQM1,
12, XXX,1,XMY, 10, ITAPE)

CALL DDIPLT(1,IN,KCOUNT,BMID,YJ,BOTTUM,TIP,0 FREQH]. 2
1,XXX,1,XMY,1,ITAPE)

N=M-K

WRITE(6,9) N

FORMAT (1H1, 2X, 2HN=IS)

DETERMINATION OF PEAK AﬁD CUMULATIVE PEAK DISTRIBU-
TIONS FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

MAX=0
MIN=0
M=M.2
DO 20 I=1,M
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20
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IF(I.NE.1) GO TO 36

IFP(Z2(I).GT.2(I+1)) GO TO 37

GO TO 38

MAX=MAX+1

ZMAX (MAX)=2Z(1)

GO TO 36

MIN=MIN+1

ZMIN(MIN)=Z(I)

CONTINUE

IF(Z(I+1) GT. Z(I) AND., Z(I-l-l) GT. Z(I+2)) GO TO 2?;

GO TO0 20 i
MAX=MAX+1

ZMAX(MAX)—Z(I+1)

GO TO 20

MINSMIN+1

2MIN(MIN)-Z(I+1)

CONTINUE

WRITE(6, 3

34 FORMAT( 1H1 22X,16HPEAK VALUE COUNT)

39

WRITE(6, 39) MAx MIN..
‘FORMAT (1HO, 1ox,1hqux1nuu.PEAKs-Is,ax,luHMIHIMUQ PEAK

13—15///hX,BHINTERYAL,31§3EHAX » 3X, 3HMIN, hX, LHCMAX, LX, |

2HCMIN, 2X,8HLOG CMAX, 31

CMIN/)

C COUNTS PEAK VALUB 33
UINTV=0 . . . ,
o ISUM=0 -
JSUM=0
KCOUNT=0 .
30 UINTV-—UINTV+IINT
ICOUNT=0 -
JCOUNT=0 - - . -
BINTV-—UINTV-YINT
PTLOG=BINTV+YINT/2,
DO 31 I=1,MAX’
IF(ZHAX(I) LE,UIRTV ,AND, 2%AX(I).GT.BINTV) ICOUNT=ICOU
1NT+1
31 CONTINUE .
IF(ISUM, EQ.O) GO TO 50
ISOM=MAX-ISUM . ' ..
Go To 51 B g W F 75! AR
50 ISOM=MAX : ’ o
Bl ISUH—ISUM+ICOUNT PE

© 500 XLOGISM=0

IF(ISOM.EQ.0) GO TO SOO

= noe:sn—uoelo(rx.ou(zsam

- @0 TO 510

510 DO 32 J=1,MIN

IF(ZMIN(J) LE. UINTV AND 24IN(J).GT.BINTV) JCOUNT=JCOU
INT+1

32 CONTINUE

IF(JSUM,EQ.0) GO TO 52
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JSOM=MIN-JSUM
GO TO 53
52 JSOM=MIN
53 JSUM=JSUM+JCOUNT
IF(JSOM.EQ.0) GO TO 501
XLOGJSM=ALOG10(FLOAT (JSOM))
GO TO 511
501 XLOGJSM=0
'IF(ISOM.EQ,0.AND,JSOM.EQ.0) GO TO 35
511 WRITE(6,33) BINTV,UINTV,ICOUNT,JCOUNT,ISOM,JSOM,XLOGI
1SM, XLOGJSM
33 FORMAT(2F6.1,216,218,F9.L4,F11.k)

PLOTS OF PEAK AND LOG CUMULATIVE PEAK DISTRIBUTIONS
FOR BOTH MAXIMUM AND MINIMUM PEAK VALUES

KCOUNT=KCOUNT+1
YLOGISM(KCOUNT )=XLOGISM
YLOGJSM(KCOUNT ) =XLOGJSM
YBINTV (KCOUNT )=BINTV
CZMAX(KCOUNT )=ICOUNT
CZMIN (KECOUNT )=JCOUNT
AMID(KCOUNT)=PTLOG
GO TO 30
35 CONTINUE 4
.CALL DDIPLT(I,IN KGOUHT YBINT\T YLOGISM BOTTOM,TOP 0 ls.
10 ’Z,Ym,u,m’l ITAPE) . .
CALL DDIPLT(1,IN,KCOUNT, YBINTV YLOGJSM, BOT‘I'OM TOP, 0 h
1.,2, YAH,h,ZAH,l ITAPE)
CALL DDIPLT(1,IN,KCOUNT,AMID,CZMAX, BOTTOM,TOP 0, FREQM
13,1,Xx,3,YYM,1,ITAPE)
CALL DDIPLT(1,IN,KCOUNT,AMID,CZMIN,BOTTOM,TOP, 0O, FREQM
12, l,m,B,m,l,ITAPE)
: -GO T 1 -
991 STOP
END
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8.2.1.2 Plotting Subroutine DDIPLT

12¢

SUBROUTINE DDIPLT (IEC,IN,N,X,¥Y,XMIN,XMAX,YMIN,YMAX,

1 NXM,XM,NYM,YM,ISYM,DDITPE) .

R H N RS
IEC DISPLAY END CODE
C DATA INCOMPLETE
1 DISPLAY COMPLETE

IN‘ PROGRAMMER INITIALS AND JOB IDENTIFICAI‘ION {

1 2 WORD ARRAY) 5
N NUMBER OF DATA POINTS TO BE PLOTTE!
X ARRAY CONTAINING X COORDINATES ‘
Y ARRAY CONTAINING Y COORDINATES
XMIN se303e4¢

XMAX s### DATA RANGE TO BE PLOTTED, IF VALUES
YMIN ### ARE ZERO THE RANGE WILL BE pmmum

### ON FIRST CURVE OF DISPLAY
YMAX ssese3t

NXM NUMBER OF WORDS IN HORIZONTAL MESS. ARRAY

XM - HORIZONTAL MESSAGE

NYM NUMBER OF WORDS IN VEFTICAL MESSAG! ﬁRRAY

YM  VERTICAL MESSAGE
ISYM SYMBOL CODE
DDITPE TAPE NAME IN PROGRAM CARD

DIMENSION IN(2),ID(3),INIT(9),PLOT(100), IPLO’I'(].OO)

'DIMENSION X(N), Y(N), ISTAB(IL;) SM(3) -
DATA (ISTAB(I),I=l, 1L)/076203655337575757575 o
076203655207575757575,
076203655537575757575,
0762036555h75757 5757%;
076203655407575757575,

076203655157575757575,

076203655117575757575,

- 076203655527575757575, "
076605575757575757575/ ; .

076203655375757575755 + ; -

076203658617575757575,~ -

076203655167575757575, -
076203655137575757575;év:"

- 076203655327575757575, .-~

DATA (SM(I),I=l, 3)/07775757575§§75757575,075757575757

1575757575, 0757575757575757575

~ DIMENSION XGRID(1ll), YGRID(1ly),IXGRID(1l),IYGRID(1L)

DIMENSION XSC(1h); IXPOS(lh.),YSC(lh.) IXSC(llL) IYSC(lle.)

EQUIVALENCE (PLOT,IPLOT)

EQUIVALENCE (XGRID,IXGRID) (YGRID,IYGRID)
EQUIVALENCE (XSC,IXsC), (YSC I1YSC)
INTEGER DDITPE

DATA NPAGE/0/, ImD/ 1/ ,NCAH/ 076002275757575757575/

DATA (ID(Iﬁﬁ/-l »3)/0760022765141237173775,00,075757575

17575757600
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DATA (INIT(I),I=1,9)/076403L413373775757575,00,076L03% .

113371775757575,00,075757575757575757540, 00 076h03h133

100

110

120

261775757575, 00 0757575757575757600uh/
TRANSFER ON FIRST ENTRY

IF (INIT(2).EQ.C) GO TO 100

TRANSFER FOR START OF NEW DISPLAY (IEND=1) OR SET
1ICODE =1

IF (IEND.EQ.1l) GO TO 110

K=1

GO TO 140

SEND INITIAL IDENTIFICATION FRAME
CALL DISBCD (IN(1),INIT(2),1)
ID(2)=INIT(2)

WRITE (DDITPE) ID

INITIALIZE FOR A DISPLAY

’NPAGE=NPAGE+1
LPCT=0 .
IPLOT(1) = NCAM
K=2"

CALL DISBCD (IN(2),INIT(}4),1)
CHECK FOR X MAX-MIN VALUES

IF (XMIN.EQ.O0.0.AND.XMAX.EQ.0,0) GO TO 120
XMN=XMIN

XMX=XMAX

GO TO 125

XMN=X(1)

MX=X(1)

DO 122 I=2,N

IF (X(I). LT XMN) XMN=X(I)

. IF (X(I).GT.XMX)  XMX=X(I)

122

125

127

CONTINUE
CHEK FOR Y MAX-MIN VALUES

IF (YMIN. EQ.0. 0. AND.YMAX.EQ.O 0) 60 TO 127
YMN=YMIN-

YMX=YMAX

GO TO 130

YMN=Y (1)

YMX=Y(1)

DO 129 I=2,N

IF (Y(I).LT.YMN) YMN=Y(I)
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IF (Y(I).GT.IMX) YMX=Y(I)

129 CONTINUE

%ETUP HORIZONTAL (X) MESSAGE

' ‘; 08=520-NXM:hO
'HIGH=IPOS /0B
.LOW=I POS-~-IHIGH#,OB |
PLOT (K)=75757575761000000000B+ (THIGE¥100B+I LOW) #1000

UP VERTICAL(Y) MESSAGE

08=520-NYML0

1HIGH=IPOS/L40B

OW=IPOS-IHIGH#LOB

LOT(K)=7 5757575761;,20000000013+IHIGH*10013+ILo'd
K+1 ’ ;

JALL DISBCD (YM,PLOT(K),NYM)

ng;gfm MINIMUM VALUES FOR DISPLAY

ENCODE (10,1,XMNT) XMN
FORMAT (ElO 3)
‘ENCODE (10,1,YMNT) YMN
70 150

(ADDITIONAL DATA FOR DISPLAY
+:*0HECK X MAX-MIN VALUES

27 e

lh.O IF (XMIN. NE 0.0.0R. XMAX,NE,2.0) GO TO 1ij2

I ;ODE2=0
TO 1hs
=XMIN
‘~'~ =XMAX
4. 'I’SQDEZ"].
a" ﬁ :
GHEK Y MAX-HIN VALUES

>- S€‘

1!),5 I?i (YMIN.KE 0.0.0R, Y¥AX.NE,0.0) GO TG 147

~4F (ICODE2) 150 12)4.7,150

1h.7 YMN=YMIK
=YMAX .

))' bl
. BHECK DATA mum:, ADJUST IF ZERO

150 XRANGE—M-XMR

YRANGE=YMX-YMN
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171 I=I+Yl

132

IF (XRANGE.NE.0.0) GO TO 1S5h
IF (XMN, EQ.O 0) GO TO 152
XMN=XMN- , 14ABS (XMN)
XMX=XMX+. I*ABS(XMX)

152
15k

156

160
162

16h

nnc—nmf*"m:o
GO TO 16l -

166 IF (xmc.,mn}: 0) GO TO 1167
IF (XINC.G

XINC=2.0
1167 XINC=1.0

167 IF (XINC.GT:5:0) GO TO 168
XINC=5.0
GO TO: 169;“{;..

168 XINC=10,0"7:£%."

169 IIX=I .

170 IF (I) 17& ?’:3

ON-XMN2107 0
XMX=XMX#10.0
GO TO 17ow. -
172 I=I-1- Som sl
\ ;xnc=xmc*1 o e
GO T0 170 .

173 xn-unm(x»m?ﬂnc)*nnc
IF (XR.GTSXMN) XR=XR-XINC
XMN=XR -
XR=AINT (XMX/XINC )EXINC
IF (XMX.GT.XR) XR=XR+XINC
XMX=XR -

2. o
S o
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17l
175
176
1177

177

178

179
180
181

182

183

YINC=(YMX-YMN)/10,0 I’
I=0 :

IF (YINC.LT.10.0) GO- Z’O
I=I+1 :
YINC—YINC/I0.0

GO TO 17h

IF (YINC.GE.1,0) GO
I=1-1
YINC=YINC#%10,0
GO 70 175

IF (YINC.EQ.1l.0
I (YINC.GT. 2.0
YINC=2,0

GO TO 179
YINC=1.0 |
GO TO 179 5
IF (YINC.GT.5.0) GO
YINC=5,0

GO TO 179
YINC=10,0

IIY=I

IF (I) 181,183,182
I=I+1
YMN=YMN3:10,0
YMX=YMX%10,0

GO TO 180

I=I-1
YINC"YINC*].O 0

¥ Nt

IF (YR.GT.YMN) YR—YR-»Y»I '
YMN=YR :
YR=AINT (YMX/YINC )*IINL‘

IF (YMX.GT.YR) YR-!B-:—Y.[NC
YMX=YR ) mc :

TABLE FOR X AND Y MD

~ xscALE—(m.mm /98310 ol

. YSCALE=(YMX-YMN)/983.6 -

18Y

186

IF (IEND, EQ.O) Go TO 2)4,6
IX=1

XGRID(1)=XMN - . < »fefl

IX=IX+1 . ..
XGRID(IX)—XGRID(IX-I)-l-XINC :
IF (XGRID(II) LT XHXl GO TO 18k

IY'l -

YGRID(1) "YMN

IY=IY+l

YGRID( IY) =YGRID(IY-1)+YINC

133
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IF (YGRID(IY).LT.YMX) GO TO 186
TABLE FOR X AND Y LABELS

DO 190 I=1,IX
IXSC(I)—XGRID(;)

1GO TO 196

193
196

197

198
200

2
205

210

DO 193 I=1,IX
IXSC(I)=IXSC(I)/10

GO TO 192

DO 205 I=1,IX

IF (IABS(IXSC(I)).GT.9) GO TO 197
IXPOS(I )=-2l

GO TO 200

IF (IABS(IXSC (I)).GT. 99) GO TO
IXPOS(I)= -20

GO0 TO 200

IXPOS(I )=-16

ENCODE (10,2,IXSC(I))IXSC(I)
FORMAT (Il)

CONTINUE

IXPOS (IX)=-2L

CALL DISBCD (IXSC(1),IXSC(1),IX)
DO 210 I=1,IY

TYSC (I)=YGRID(I)

192 IF (IABS(IXSC(1)).LT.1000.AND,IABS{IX

134

{IX)).LT.1000)

212 IF (IABS(I¥YSC(1l)).LT.1000,AND. IABS(IV§C(IY)) LT.1000)

213
216

160 TO 216

DO 213 I=1,IY
IYSC(I)-IYSG(I)/IO ‘

G0 TO 212

DO 220 I=1,IY

ENCODE. (10,2,IY3C(X))I¥YSC(I)

220 CONTINUE

230
235

238

CALL DISBCD (IYSC(1),IYSC(1),IY)
DO 230 I=1,IX

IXGRID(I)= (XGRID(I)-XMN)/XSCALE+&O 5

DO 235 I 1 IY

mmw GRID LINES

TA1=TXGRID(1)/4OB
IA2=IXGRID(1)-IA1#}0B
TA3=IXGRID(IX)/4OB -
TAL=TXGRID(IX)-IA3#40B -

IA5—766000000000000000008+(IAl*lOOB+£A2)*100000000000

10B% (IA33#100B+IAlL )#10000B
1A6=761,00014000075757575B
DO 24,0 I=1,IY
IA1=IYGRID(I)/LOB
IA2=TYGRID(I )-IAl:LOB

“f;

l
%
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IA3=TA13%100B+IA2
IPLOT(K)=IAS5+IA3+100000000B+IA3
IPLOT (K+1)=IA6+IA3%100000000B
IPLOT(K+2)=IYSC{I)
210 K=K+3
 IA1=IYGRID(1)/LOB
IA2=IYGRID(1)-IA1:l0B
IA’-IYGRID(IY)/&OB
IAW=TYGRID(IY)-IA3%#L0B
IAS‘?66000OOOOOOOOOOOOOOB+(IAI*‘OOB+IA2)%lOOO@@Q@OB+(
1IA3%100B+1Al)
IA6=76100000001775757575B
DG 245 I=1,IX
IA1=IXGRID(I )/LOB
IA2=IXGRID(I)-IA1#L0B
IA3=IA1#100B+IA2
IA7=IXGRID(I)+IXPU3(I)
IAB=IA7/L1OB
IA9=IA7-IA8:LOB
- IA10=TA8#100B+IA9 ,
IPLOT (K)=IA5+IA3%#1000000000000B+IA3%10000B
IPLOT(K+1 )=IA6+IA10%1000000000000B
IPLOT(K+2)=IXSC(I)
2LS K=K+3
246 IF (IIX.GE.QO) GO TO 247
IIX=I1X+1
XMN=XMN /10.0
XMX=XMX/10.0 -
XSCALE—XSCALE/lO 0
XINC=XING/10,0
GO TO 246
247 IF (IIY.GE.O) GO TO 1180
IIY=IIY+1
YMN=YMN/10.0
YMX=YMX/10.0
YBGALEAYSCALE/IO 0
YINC=YINC/10.0
GO TO 247

DISPLAY MINIHUH‘VALUES AND INCREMENT

1180 IF (IEND.NE, 1) Go TO 12u7
IPLOT(K)—76uoooau3737757560603
IPLOT (K+1)=60606760L1131115601360B
CALL DISBCD (XMNT,IPLOT(K+2),1)
IPLOT(K+3)~6o31u5235125uh25u5633

1185 ENCODE (10,1,IPLOT(K+l)) XINC
CALL DISBCD (IPLOT(K+h) IPuOT(K+h) 1)
IPLOT (K+5)=60607060}1;31145601360B
CALL DISBCD (YMNT, IPLOT(K+6) 1)
IPLOT(K+7)=603lh5235125bh25h5633

1195 ENCODE (10,1,IPLOT(K+8)) YINC
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CALL DISBCD (IPLOT(K+8),IPLOT(K+8),1) '
K=K+9

C
C SET SYMBOL AND SCALE DATA TO PLOT
c 2

12147 IPLOT(K)=ISTAB(ISYM)
: - K=K+1
>PO 250 I=1,N
IF(X(I) G7T. XMX) GO TO 301
IF(X(I).HT XMN) GO TO 302
~AF(Y(I).GT.YMX) GO TO 303
JF(Y(I) LT.YMN) GO TO 30L4
395'*A1 (X(I)-XMN)/XSCALE+uO g
A2=IA1/1,0B
[A3=IA1-IA2:#,0B :
JAl=(Y(I)-YMN)/YSCALE+32.5
(AS=IAL/L,0B
[A6=IAL-IAS#*} OB
PLOT(K)—75757575757500000000B+(IA2§1003+IA3)*1000OB+
[AS#100B+IA6
R =K1
+G0 TO 249
3@1 IF(X(I).EQ.0.) GO TO 248
2 %g(égS((?(I)-XMX)/X(I)) .GT.5, E-lh) G0 TO 2448
302-§F(X(I) EQ.0.) GO TO ZhB
vXF(AgS((gMN-X(I))/X(I)) .GT, 5 E-1l) GO TO 248

303 IF(Y(I).EQ.0.) GO TO 248
1F(ABS((Y(I)-YMX)/Y(I)) GT.5.E-1k) GO TO 248

3dh.%F(Y(I) EQ.0.) GO TO 248
ég(ABS((EMN-Y(I))/Y(I)) .GT.5.E-1}) GO TO 248
2&5 LPCT=LPCT+1
249 IF (K.LT.101) GO TO zso
gR{TE (DDITPE)(IPLOT(J) J=1,100)
ZSQ?GONTINUE ,
YF (g .EQ.1) GO TO 252 ,;'
.-K_
, TE . (DDITPE) (IPLOT(I), 1-1 x)
252 (IEC.EQ.1) GO TO 255
IEND=0 L
-~ .GO TO 1000
255 -ENCODE (10,2 INIT(6))NPAGE
"GALL DISBCD (INIT(6) INIT(é) 1)
IEND=1. .. o
IF (LPCT.EQ.0) GO 70 256
ENCODE (10,2 INIT(B))LPCT e
©ALL DISBCD (INIT(B) INIT(B) 1)
GO TO 260
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256 INIT(8)=60606060606060606060B
260 WRITE (DDITPE)(INIT(I),I=1,9)
WRITE (DDITPE)(SM(I),I=1,3)
IEND=1 ..
1000 RETURN - %’
END

8.2.2.2

8.2.2.3 *%unction XLOGN.

FUNCTIO $XLQGNL (FX, XHU,SI@(A)

45) SUM1=1.0-SUM1

%G (1.0/(SUM1%3UM1)))

2.515517+,80285 3uXNU+. 010328*xnuaxnu)/(1 0+1;

1h327884}NU&:189269*XNU¥XNU4 001308*xnua*3 0)) )
IF(FX.LT% 8} Z2=-2

XLOGNL-EXP(SQRT(SIGMA)*Z+XHU)

RETURN -

END "
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CF(x)
F(x)
MEAN

Integer

139
8.4 List of Symbols

Cumulative probabllity density function

'Probability density function

Arithmetic mean of random varié@lé
Number of events (positive xﬁfé%er)
Probability of success

Probability of failure
Boot-mean—sqﬁare

/Random variagbles

Uniformly distributed random number

Parameter of Welbull probabil density function |

o

Parsmeter of Weibull probability density function

Gamma function

Parameter of Exponential probability density
function

'Parameter of Poisson probability density function

Mean of lecgarithms

- Standard deviation of logarithms
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8.5 Derivation of Theoretical Equations Describing
Properties of Density Furctions

8.5.1 Generscl
Mean: E(x) = Jw xF(x)dx

Méan square; Eﬂ(xz) =jw xZF(x)dx
2
Variance: 02 = E(xz) - [E(x)]

8.5.2 Exponential Amplitude Probability Density Fundtion

Probabllity density function: F(x) = 8 exp(exf

Mean: E{(x) = J:: x0 exp(-6x)dx =

Mean square: E(x2) = J;: x20 exp(-8x)dx = Tt

Varisnce: 02 = -]-“2
8

1

8.5.3 Weibull Amplitude Probability Density Funq‘%‘i

Probsbility density function: F(x) = apx®~Lexp(_px%)

Mean: E(x) = foa apx®exp(-px%)dx

Let L
Bx%® = 2z
then i
z\/%
() ==
and
o



1h1
Substituting we get

E(x) =I" az exp(-z) —32
0 aﬁza"l

Simplifylng we get

1/8 pe
E(x) =(%) J; (2)2/ Cexp(-z)dz

From Ryshik and Gradstein (1963) equation (3.225) we get

w0 - (3) (2

- .
Mean square: E(x2) = f aﬁxa'."lexp(-ﬂx“)dx
0o

Let
z = px®
then
(g)l/ﬁ = x
: g
- and
dz
dx = a-1
‘_‘apx

‘Substituting and simplifyingf\ﬁa _ gét s

2/¢ na
“E(Xz)“’" (%)J; z2{°>ex‘p(‘.-z)d‘z; ‘

From Ryshik and Gradstein (1963) equation (3.225) we get

2/a
ey - (3) ()
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8. 5 h E&g -Normal Amplitude Probability Density Function

Variance: 52 - (%)2/0' I..(a + 2) - [I.(a + 1

P “b‘ability denaity function:

Let
z = log.x

then
F(x)‘ = G(iogex) z G(2z)

E(x1) =€’j: JFndF(x)

\

E(x?) = f’w exp(nz)dG(z)

From Aitchison and Brown (1957) we get
FoE

‘ ny, . \ 1. 22
=N B(x") = °J‘p(m,"'log * > " Glog)

Pl AT
Therefore

Meip: E(x) = ‘”‘P(ﬂlog Af;:%gqfog)_

Ne‘anf,' square: E(xz) = éxp(Zulog + Zafog)

——-—}——-ex —-L-(lo x
T2z 7P|~ 2 170%™ T Fiog:

12



: "
ity funetion: F(x)-=:2 #% .

.

Mean:
But at x = : iﬁrst term of the series 1s zero,
therefore =
o =il x-l
)
=p Z (= 1)1
x=1 e
Let 2z =
- Z
s v
z!
but
@ .- Zz
Z 3—:%— =1
z=0 2
therefore



il

Mean square: E(x2) = > x2 e_;}_'x._
=0 .

-
L

0 the first term af

But at x = the series is zero,
therefore .
P i xo Mu* (x = 1)o"Hu* i xe My ¥
B(x%) = & oDt = = - 1)1 xi

Substituting E(x) for th

E(x%) = 2_

x=1

But at x =1 the first t

therefore T
: %% 2
- -p' % “_ e s : -p, K= . 3
E(x2) = 2 — tp=p? X 2ty

but

therefore

Variance: o¢“ = (p



8.5.6 Binomial Amplitude Probability Density Functicn

Probability density function:

\ = —_—nt
Mean: E(x) xZ=O x POCENESE

therefore

n

(n - 1)!

Sl = o x=1 (x - 1)t(n - x)

Let z2=x=1 and m=n - 1, then

o

’ - ‘mi
E(x) = np| 2

z2=0 z!(m - Z)!

but

m

m! z R ,_

zz=o zi(m - z)! P (1 - p) .=l

therefore
E(x) =np
n -v
Mean square: E(x2) - Z x2nl  <x

: n-x
. x=0 x(n -“x)'.,:?,‘ fl e ‘

TR e

But at x = O the first term of the seriéé is zero,

I

therefore

1L5



1h6

n

2y = zxn! Xy _ n-x
B=T) xz=1 (x - 1) (n - x)! pr(l-p)

or

n
2y = (x - 1)nt X,y _ DX
B(=<) x§=:1 (x - 1)}t (n - x)! (1 -p)

L xn!
+ 2

x n=-X
(1 - p)
x=1

xl(n - x)'

The second summation is equal to B(x) = np, tﬂérefgj“

o+

'E(xz) _ f (x - 1)nt px(1 - p)n--x
x=1 (x - 1)¥(n - x)! :

but at x =1 the first term of the summation is ze%;w )

therefore
- 2)t
E(x2 - 1)p® 0 & 22
(x€) = n(n )p Z x -2 (n - =)t
Let 2=x -2 and m=n - 2, then s

i m : oy -
E(x2) = n(n - l)p2 > S | S - pz(]_ - p)m-z + np¥
z=0 z)! L

z!(m -
but
= m! Z m=2z
zgo fim-zi P -p =1
Therefors

E(xz) = n{n - l)p2 + np



1L7

or

E(x%) = np[}n —_l)p + i]

Variance: c2 = np [(n - plp + l] - (np)2

£

¢® = np(1l - PJ



